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AUTOREGRESSIVE MODELS FOR PANEL DATA CAUSAL INFERENCE
WITH APPLICATION TO STATE-LEVEL OPIOID POLICIES

BY JOSEPH ANTONELLI1,a, MAX RUBINSTEIN2,b, DENIS AGNIEL2,c,
ROSANNA SMART2,d, ELIZABETH A. STUART3,i, MATTHEW CEFALU4,j,

TERRY SCHELL2,e, JOSHUA EAGAN2,f, ELIZABETH STONE5,k, MAX GRISWOLD2,g AND

BETH ANN GRIFFIN2,h

1Department of Statistics, University of Florida, ajantonelli@ufl.edu
2RAND Corporation, bmrubinstein@rand.org, cdagniel@rand.org, drsmart@rand.org, etschell@rand.org,

fjeagan@rand.org, ggriswold@rand.org, hbethg@rand.org
3Department of Biostatistics, Johns Hopkins Bloomberg School of Public Health, iestuart@jhu.edu

4Disney Streaming, jm.s.cefalu@gmail.com
5Department of Psychiatry, Rutgers Robert Wood Johnson Medical School, kelizabeth.stone@rutgers.edu

Motivated by the study of state opioid policies, we propose a novel ap-
proach using autoregressive models for causal effect estimation in panel data
settings. We estimate the impact of key opioid-related policies, specifically
must-access prescription drug monitoring programs (PDMPs), naloxone ac-
cess laws (NALs), and medical marijuana laws, on opioid prescribing. Ex-
isting methods, such as difference-in-differences and synthetic controls, are
difficult to apply in dynamic policy environments with multiple overlapping
policies and small sample sizes. While autoregressive models have been used
in similar contexts, they have lacked formal justification until now. We out-
line assumptions that link these models to causal effects and study the bias of
resulting estimates when key assumptions are violated. Through simulation
studies mirroring our application, we show that our proposed estimators of-
ten outperform existing methods. We thus provide a formal justification for
using autoregressive models to evaluate the effectiveness of state policies in
addressing the opioid crisis.
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Revealing the spatial organization of biomolecules and characterizing
their spatial distribution in cells and tissues have long been recognized as
important problems in biomedical research. With rapid advances in DNA
sequencing technologies in recent years, creative sequencing-based exper-
imental assays, for example, Hi-C and DNA microscopy, have been in-
vented to reveal the spatial properties of large-scale biomolecules in a high-
throughput and high-resolution manner. A typical experiment based on these
technologies produces a count matrix to record the contact frequencies among
molecules of interest, which are closely associated with their spatial dis-
tances, allowing us to reconstruct the spatial organization of large-scale
biomolecules via data analysis. There is a great appeal to develop statistically
rigorous and computationally scalable methods for this important problem. In
this study, we fill this gap with a novel method named HiSpa. Equipped with
a hierarchical spatial model, HiSpa utilizes the idea of multiscale modeling to
reduce the computational complexity from O(n2) to O(n2/T ) with minimal
loss of reconstruction quality, where T typically increases with n sublinearly.
Advanced Monte Carlo strategies are developed for efficient Bayesian infer-
ence of HiSpa. The superiority of HiSpa over existing methods is demon-
strated by simulation studies and real data applications.
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An understanding of the body size of individuals and the relationships
between different dimensions is critical for monitoring the status and the
health of a wildlife population. Morphometric data have traditionally been
collected by physically handling and measuring individual animals, but re-
cent technological advancements allow researchers to deploy sophisticated
but affordable instruments, like drones and camera traps, to take photos of
individual animals from which morphometric measurements are extracted.
However, morphometric data obtained from photographs can be less accurate
than those from direct measurement. In this paper we propose a new linear
mixed-effects model approach, involving multivariate normal distributions,
to describe the latent true measurements and to accommodate measurement
error. Our method can be used to estimate relationships between dimensions,
to predict the measurement of any one dimension from any subset of other
dimensions, and to make inference on allometry, including testing for allo-
metric growth. We demonstrate the use of our method with an application to
morphometric data of the reef manta ray Mobula alfredi collected by drones.
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Given the complex interactions between the microbiome, the host, and
external factors, causal mediation analysis is essential for unraveling how
dysbiosis or microbial imbalance mediates the effects of interventions or en-
vironmental exposures on health outcomes. However, zero inflation in mi-
crobiome count data complicates high-dimensional mediation analysis, as
frequently employed zero-inflated models often struggle to distinguish true
zero inflation from the underlying count distribution. To address this, we em-
ploy a zero-inflated negative binomial distribution for each mediator within
a Bayesian framework, incorporating spike-and-slab priors to enable sparsity
in estimating natural indirect effects (NIE) and an informative prior based
on nonzero counts to improve dispersion estimation and account for zero
sources. Recognizing the distinct biological mechanisms underlying micro-
bial presence vs. abundance, we developed a dual mediation model, ZIMMA,
to separate the NIE into pathways for mediator abundance and prevalence.
Extensive simulations demonstrate ZIMMA’s superior performance in cap-
turing distinct mediation mechanisms for both rare and abundant species
compared to existing methods. Its application to human microbiome studies
examining the effects of dietary intake and metabolic syndrome underscores
its efficacy in identifying key microbial mediators, offering valuable insights
and biological interpretation into the role of the microbiome in disease phys-
iology and health sciences.
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A PRINCIPAL SUBMANIFOLD-BASED APPROACH FOR CLUSTERING AND
MULTISCALE RNA CORRECTION
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RNA structure determination is essential for understanding its biological
functions. However, the reconstruction process often faces challenges, such
as atomic clashes, which can lead to inaccurate models. To address these chal-
lenges, we introduce the principal submanifold (PSM) approach for analyz-
ing RNA data on a torus. This method provides an accurate, low-dimensional
feature representation, overcoming the limitations of previous torus-based
methods. By combining PSM with DBSCAN, we propose a novel cluster-
ing technique, the principal submanifold-based DBSCAN (PSM-DBSCAN).
Our approach achieves superior clustering accuracy and increased robustness
to noise. Additionally, we apply this new method for multiscale corrections,
effectively resolving RNA backbone clashes at both microscopic and meso-
scopic scales. Extensive simulations and comparative studies highlight the
enhanced precision and scalability of our method, demonstrating significant
improvements over existing approaches. The proposed methodology offers a
robust foundation for correcting complex RNA structures and has broad im-
plications for applications in structural biology and bioinformatics.
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Large-scale biobanks and electronic health records (EHR) offer great
opportunities for next-generation genetic studies. However, missing pheno-
type data is a pervasive feature of EHR, leading to low power of such stud-
ies. One promising solution is prediction-powered inference, where statisti-
cal or machine learning models are employed to impute phenotypes prior to
performing genetic analyses. Although many such methods exist, they tend
to be generic and do not incorporate domain-aware knowledge to optimize
their performance for downstream genetic analyses. We propose a novel ma-
trix completion method, covImpute, which, unlike generic matrix completion
methods such as softImpute, incorporates external information in the form of
a genetic covariance matrix among phenotypic features and imputes missing
entries with latent genetic components. We compare covImpute with exist-
ing methods, including a domain-aware liability threshold model LTPI, and
generic softImpute and deep learning autoencoder models in simulations un-
der different missingness mechanisms with respect to power in downstream
genetic analyses. In applications to several diseases in UK Biobank, we show
that genetically informed methods, such as covImpute and LTPI, can perform
substantially better in terms of power of genetic association studies relative
to generic imputation models currently in use. Moreover, compared to LTPI,
covImpute’s flexible framework for incorporating external covariance infor-
mation provides a more general approach with applicability beyond genetics.
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In population ecology, integral projection models (IPMs) are widely used
to study population growth and the dynamics of population structure (e.g.,
age and size distributions). These models typically use data on the growth,
survival, and reproduction of marked individuals to parameterize models for
each demographic rate. The resulting models can be used to predict changes
in the population from one time point to the next and to predict long-term
properties such as long-term population growth rate, the sensitivity of that
growth rate to environmental factors and to changes in demographic rates,
and the variation in lifetime outcomes among individuals. These quantities
must be inferred from the model, and we often lack any way to ground-truth
their plausibility directly from the available data. They nonetheless reflect key
ecological processes with significant management and policy implications.
Building IPMs requires us to develop sub-models for individual fates over
the next time step—Did they survive? How much did they grow or shrink?
Did they reproduce?—conditional on their initial state as well as on environ-
mental covariates. This must be done in a manner that gives the most pre-
cise possible estimates, and most accurate uncertainty quantification, for the
long-term model properties that we are interested in predicting. These models
include three core demographic submodels—for growth, survival, and repro-
duction rates—to describe how individuals change from one time point to the
next.

Targeted maximum likelihood estimation (TMLE) methods are particu-
larly well suited to a situation in which we are largely interested in estimation
and inference on quantities derived from models. These methods build ma-
chine learning-based models that estimate the probability distribution from
which the empirical data were drawn, and then the user specifies a target of
inference as a function of this distribution. An initial estimate for the distri-
bution is then modified by tilting in the direction of the influence function
to both de-bias the parameter estimate and provide more accurate inference.
In this paper we employ TMLE to develop robust and efficient estimators
for quantities derived from a fitted IPM as targets of interest, with a partic-
ular focus on long-term stable population growth, its elasticity to fecundity,
and the expected growth rate under year-specific covariates. Mathematically,
we derive the influence functions for these targets of influence and formulate
and use these to update our model so as to remove bias from our estimates.
Empirically, we conduct extensive simulations and demonstrate our method’s
efficacy using empirical data from a long-term study of plant communities on
the Idaho steppe and from experimental rotifer populations.
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Somatic mutations, which accumulate in cells after conception, drive
cancer development. Their characteristic patterns, namely mutational signa-
tures, reflect the underlying mutational processes and have provided valuable
insights into cancer etiology, evolution and therapeutic strategies. While non-
negative matrix factorization (NMF) is commonly used to infer de novo mu-
tational signatures and their activities, it requires large datasets for reliable
estimation. When the sample size is limited, signature refitting is typically
used, which estimates the signature activities using a set of reference sig-
natures derived from external studies. However, current signature refitting
methods often use the full list of reference signatures, leading to overfitting
and compromised interpretability and accuracy. Despite its importance, the
problem of selecting an appropriate subset of reference signatures received
little attention. We proposed BayesSigRefitting, a Bayesian model selection
framework to select an optimal subset of reference signatures for accurate re-
fitting. Our approach employs a Bayesian hierarchical model with a sparsity-
inducing Laplace prior, and the Shotgun Stochastic Search (SSS) algorithm to
efficiently explore possible signature subsets and identify the optimal one. We
established the model selection consistency of BayesSigRefitting and demon-
strated, through simulation and real data studies across seven cancer types,
that it outperformed existing methods in both signature selection and signa-
ture activity estimation. These findings highlight the potential of BayesSigR-
efitting to enhance the accuracy and reliability of mutational signature analy-
sis, especially in settings with limited sample sizes.
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Genetic interactions are essential for understanding the risk and progres-
sion of complex diseases. However, signals from individual genes and their
pairwise interactions are often weak; most phenotypes are driven by alter-
ations in a limited number of pathways and interactions between them. Iden-
tifying such pathways and their interactions is critical in biomedical research.
Although traditional analyses have extended beyond main effects to include
gene-gene interactions, most existing methods remain at the gene level and
fail to capture higher-level pathway interactions. In this paper we propose a
novel group-level model that jointly identifies key pathways and their interac-
tions associated with clinical outcomes such as disease status or survival. The
model involves estimating a high-dimensional binary matrix, which presents
significant computational challenges. To overcome this, we reformulate the
problem as a standard high-dimensional estimation task with hierarchical and
exclusivity constraints and develop a two-stage estimation procedure. Theo-
retical analysis, simulation studies, and applications to TCGA breast cancer
and Michigan lung cancer datasets demonstrate the superior performance of
our method. In particular, our approach yields biologically meaningful in-
sights, reveals novel gene-pathway mechanisms, and achieves substantially
improved prediction accuracy and sensitivity, with comparable specificity to
competing methods, including those modeling gene-gene interactions or em-
ploying two-step procedures that separately estimate pathways and their in-
teractions.
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High-throughput cell imaging has been increasingly used in drug discov-
ery to simultaneously profile the morphological response of cells to thousands
of compounds using high-resolution microscopy and automated image anal-
ysis. Such experiments characterize thousands of image features in millions
of cells across thousands of experimental conditions. Analytical difficulties
arise with this scale of analysis as many features have distributions with ex-
tremely long tails, high skewness, remote outliers, and high-leverage points.
This makes important signals difficult to find and means analyses are often
sensitive to individual observations or features.

This work considers a recent high-quality Cell Painting dataset profil-
ing compounds from the EU-OPENSCREEN consortium. The study perturbs
HepG2 human liver cancer cells in order to morphologically profile cellular
response to the compounds. Without adjustment, analysis of the imaging data
is hampered by long-tailed distributions and outliers. To combat this, we in-
troduce Wasserstein Geodesic Transformations (WGTs), a new approach that
adaptively moves features in Wasserstein space to make downstream analysis
less ad hoc, more stable, and more scalable.

In application to the Cell Painting data, WGTs substantially improve data
analysis by enhancing visualization, improving compound clustering, and
stabilizing analyses. They also help uncover unwanted spatial effects arising
from plate layout, explaining some outlying compound responses. Overall,
WGTs achieve performance comparable with more aggressive transforma-
tions, while inducing less distortion, artifacts, and better preserving distribu-
tional features. More broadly, the adaptivity of WGT makes it promising for
a wide range of cell imaging pipelines.
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3D BIVARIATE SPATIAL MODELLING OF ARGO OCEAN TEMPERATURE
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Variables within the global oceans can reveal the impacts of a warming
climate, as the oceans absorb huge amounts of solar energy. Understanding
the joint spatial distribution of key ocean variables is, therefore, essential. In
this paper we investigate the spatial dependence structure between ocean tem-
perature and salinity using Argo observations and construct a bivariate spa-
tial model covering from the surface through the ocean interior. We develop
a flexible class of multivariate nonstationary covariance models defined in
three-dimensional (3D) space (longitude × latitude × depth) that allow the
variances and correlations to vary with depth, capturing the ocean’s verti-
cal structure. These models describe the joint spatial distribution of the two
variables while incorporating the underlying vertical structure of the ocean.
We apply this framework to Argo temperature and salinity data and address
the computational challenges of large data volumes through the Vecchia ap-
proximation. Our results show that the proposed bivariate covariance model
effectively represents the complex vertical cross-covariance structure of the
processes and their first- and second-order differences, whereas classical bi-
variate models, including the bivariate Matérn, poorly fit the empirical cross-
covariance structure.
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A TIME WARPING MODEL FOR SEASONAL DATA WITH APPLICATION
TO AGE ESTIMATION FROM NARWHAL TUSKS
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Signals with varying periodicity frequently appear in real-world phenom-
ena, necessitating the development of efficient modelling techniques to map
the measured nonlinear timeline to linear time. Here we propose a regression
model that allows for a representation of periodic and dynamic patterns ob-
served in time series data. The model incorporates a hidden strictly positive
stochastic process that represents the instantaneous frequency, allowing the
model to adapt and accurately capture varying time scales. A case study fo-
cusing on age estimation of narwhal tusks is presented, where cyclic element
signals associated with annual growth layer groups are analyzed. We apply
the methodology to data from one such tusk collected in West Greenland and
use the fitted model to estimate the age of the narwhal. The proposed method
is validated using simulated signals with known cycle counts and practical
considerations and modelling challenges are discussed in detail. This research
contributes to the field of time series analysis, providing a tool and valuable
insights for understanding and modeling complex cyclic patterns in diverse
domains.
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Obtaining precise erosion measurements requires costly fieldwork, mak-
ing it infeasible to directly survey large domains such as a province or river
basin. To extend fieldwork results across such extensive domains, we propose
a novel spatial prediction method that treats local erosion distributions as ob-
jects in the Wasserstein space. These distributions are mapped into square-
integrable trajectories and represented via basis expansion, forming a mul-
tivariate random field that captures spatial dependence. By applying local
regression and Kriging in this representation, our approach flexibly mod-
els and predicts erosion distributions at arbitrary locations. This framework
improves prediction for functionals of the distribution, such as the mean
and exceedance probabilities. Simulation studies demonstrate that the pro-
posed method outperforms a misspecified parametric alternative and exist-
ing Fréchet regression approaches. We illustrate the approach with a detailed
erosion analysis in Shaanxi Province, China, where local measurements from
surveyed watersheds are extended to predict erosion distributions across the
entire province using covariates such as land use and elevation.
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INCORPORATING CORRELATED NUGGET EFFECTS IN MULTIVARIATE
SPATIAL MODELS: AN APPLICATION TO ARGO OCEAN DATA

BY DAMILYA SADUAKHAS1,a , DAVID BOLIN1,b , XIAOTIAN JIN1,c , ALEXANDRE

B. SIMAS1,d AND JONAS WALLIN2,e
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Accurate analysis of global oceanographic data, such as temperature
and salinity profiles from the Argo program, requires geostatistical mod-
els that capture complex spatial dependencies. We propose Gaussian and
non-Gaussian hierarchical multivariate Matérn-SPDE models with corre-
lated nugget effects that jointly account for small-scale variability and
measurement-error correlations between co-located observations. Simula-
tions show that ignoring such correlations biases cross-variable dependence
estimates, while incorporating them improves parameter recovery. Applied
to 14 years of global Argo data, our models yield lower temperature–salinity
dependence than models that assume independent noise, indicating that stan-
dard approaches tend to overstate this dependence. Cross-validation shows
that the Gaussian model with correlated noise achieves the best point pre-
dictions, while the non-Gaussian (NIG) model with independent noise yields
better-calibrated probabilistic scores. These findings highlight the importance
of relaxing the independent-noise assumption in multivariate hierarchical
models.
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LÉVY PROCESSES FOR JUMPING GROWTH OF SPINY LOBSTERS,
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The discontinuous moulting process in crustaceans poses fundamental
challenges for growth modelling and can lead to biologically implausible es-
timates of asymptotic size under traditional continuous-growth frameworks
such as the von Bertalanffy curve. We develop a stochastic growth model
that jointly characterises moult increment (MI) and intermoult period (IP)
through a unified convolution-based likelihood. Individual growth is repre-
sented within a Lévy-inspired jump framework that enforces monotone but
discontinuous size trajectories by modelling MI through a beta-type jump
process with biologically realistic support, while IP is described by a gamma
generalised linear model. This construction yields a joint likelihood for MI
and IP and permits maximum likelihood estimation together with profile-
likelihood inference for parameters governing both the size and timing of
moults.

In an application to tank data on Panulirus ornatus, we compare several
plausible jump and waiting-time distributions and find that the beta-based
specification provides a substantially better fit than gamma or inverse Gaus-
sian alternatives, while yielding von Bertalanffy-type population summaries
compatible with current stock-assessment practice. A simulation study shows
that the proposed estimators recover key growth characteristics and reproduce
the observed stepwise trajectories under realistic sample sizes. By embedding
biologically constrained increments and intermoult timing within a stochas-
tic jump-process framework, the model provides a flexible tool for analysing
discontinuous growth in crustaceans and related biological systems, and illus-
trates how modern jump-process methods can inform fisheries management.
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CONFIDENCE INTERVALS FOR RATE ESTIMATION WITH IMPORTANCE
SAMPLING IN AUTONOMOUS VEHICLE EVALUATION
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Accounting for both rare events and complex sampling presents chal-
lenges when quantifying uncertainty for rate estimation in autonomous vehi-
cle performance evaluation. In this paper we introduce a statistical formula-
tion of this problem and develop a unified compound Poisson model frame-
work for unbiased rate estimation through the Horvitz–Thompson estimator.
Though asymptotic theory for the model is available, the inference of confi-
dence intervals (CIs) in the presence of rare events requires new investigation.
We also advocate for a new monotonicity criterion for rate CIs—summing the
rates of disjoint types of events should produce not only a higher point esti-
mate but also higher confidence bounds than for the individual rates—that
facilitates interpretability in real applications. We propose a novel exponen-
tial bootstrap (EB) method for CI construction based on a fiducial argument;
it satisfies the monotonicity property, while novel extensions of some exist-
ing methods do not. Comprehensive numerical studies show that EB performs
well for a wide range of settings relevant to our applications. Fast implemen-
tation of EB based on saddlepoint approximation is also developed, which
may be of independent interest.
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SPECTRAL-STIMULUS INFORMATION FOR SELF-SUPERVISED STIMULUS
ENCODING
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Understanding how neural populations efficiently encode stimuli is a fun-
damental challenge in computational neuroscience. Existing rate-based infor-
mation measures primarily assess single-neuron encoding, limiting insights
into population-level representations, while the role of correlation in neural
coding remains a subject of considerable debate. To address this, we intro-
duce novel, correlation-aware information-theoretic measures that quantify
the encoding efficiency of multiple neurons, including the joint stimulus in-
formation rate for neuron pairs and the spectral-stimulus information for ar-
bitrarily sized populations. The spectral-stimulus information, defined as the
leading eigenvalue of the stimulus information matrix, is maximized when
neurons exhibit localized, nonoverlapping firing fields. We apply these mea-
sures to the domain of spatial navigation, where specialized neurons, such as
place cells, grid cells, and head direction cells, encode position and orien-
tation from self-motion and environmental cues. Analyzing neural record-
ings from mice and monkeys, we elucidate differences in encoding effi-
ciency across neuronal pairs and populations. We then demonstrate that these
measures can be used to train recurrent neural networks (RNNs) via self-
supervised learning, leading to the emergence of place cells and head direc-
tion cells. Our findings provide a principled population-level framework for
understanding stimulus encoding, with broad implications for neuroscience
and the optimization of artificial navigation systems.
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GENERATIVE SCORE INFERENCE FOR MULTIMODAL DATA
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Accurate uncertainty quantification is crucial for making reliable deci-
sions in various supervised learning scenarios, particularly when dealing with
complex, multimodal data such as images and text. Current approaches of-
ten face notable limitations, including rigid assumptions and limited gener-
alizability, constraining their effectiveness across diverse supervised learning
tasks. To overcome these limitations, we introduce Generative Score Infer-
ence (GSI), a flexible inference framework capable of constructing statis-
tically valid and informative prediction and confidence sets across a wide
range of multimodal learning problems. GSI utilizes synthetic samples gen-
erated by deep generative models to approximate conditional score distri-
butions, facilitating precise uncertainty quantification without imposing re-
strictive assumptions about the data or tasks. We empirically validate GSI’s
capabilities through two representative scenarios: hallucination detection in
large language models and uncertainty estimation in image captioning. Our
method achieves state-of-the-art performance in hallucination detection and
robust predictive uncertainty in image captioning, and its performance is pos-
itively influenced by the quality of the underlying generative model. These
findings underscore the potential of GSI as a versatile inference framework,
significantly enhancing uncertainty quantification and trustworthiness in mul-
timodal learning.
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In a diagnostic test using multiplex assay, each individual biomarker is
often expected to have monotonic association with the disease outcome, and,
therefore, the underlying disease classification rule is partially ordered with
respect to the biomarkers. Nonparametric estimation of the classification rule
can be accomplished by projecting an unconstrained Bayes estimator onto the
partial ordering subspace. However, computing the projection is challenging
as it involves performing maximization over a constrained parameter space
whose size grows exponentially with the sample size. We introduce a novel
sequential update method for projection-based nonparametric estimation of
the disease classification rule and propose new recursive algorithms to imple-
ment the method. The proposed algorithms yields the exact Bayes solution
that maximizes the posterior gain with respect to a classification-type gain
function. When compared to an existing algorithm that gives approximate
Bayes solution, our algorithms accomplish the same tasks with much reduced
elapsed time in simulation study. We apply the sequential update method to
evaluate a human papillomavirus test for cervical cancer precursor lesions and
derive diagnostic rule that improves accuracy on existing estimation methods
including parametric logistic regression and monotone generalized additive
models.
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We develop a Bayesian hierarchical model for bivariate longitudinal di-
agnostic outcome data involving testing for the infective agent for Johne‘s
disease (JD). We consider the situation where an imperfect binary test (fe-
cal culture, FC) is repeatedly administered to each individual together with
a continuous biomarker (serum ELISA measured as optical density (OD)).
For infected individuals we assume the existence of a change-point corre-
sponding to time of infection and posit appropriate changes to model the
subsequent responses. Our data consist of records from 12 dairy herds known
to be infected with JD. Data were collected from 1984–2003, and tests were
performed about every six months. Our joint model incorporates latent states
for uninfected and infected cows. We model the serology scores in the in-
fected class using a four-parameter sigmoidal function, with parameters for
the unknown time to infection, lag time (time for infective response), and
the horizontal asymptote and rate of change. Parametric prior distributions
are considered for all unknowns, except the asymptote and rate of change of
the sigmoidal curves which are modeled with Dirichlet process mixtures and
which allows for clustering of shapes of serologic response curves.
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Gene therapies aim to address the root causes of diseases, particularly
those stemming from rare genetic defects that can be life-threatening or
severely debilitating. Although an increasing number of gene therapies have
received regulatory approvals in recent years, understanding their long-term
efficacy in trials with limited follow-up time remains challenging. To address
this question, we propose a novel Bayesian framework to selectively inte-
grate relevant external data with internal trial data to improve the inference
of the durability of long-term efficacy. We proved that the proposed method
can theoretically identify external subsets deemed relevant, where relevance
is defined as the similarity, induced by the marginal likelihood, between the
generating mechanisms of the internal data and the selected external data.
We conducted simulations to evaluate its performance under various scenar-
ios. Furthermore, we apply this method to predict and infer the endogenous
factor IX (FIX) levels of patients who receive Etranacogene dezaparvovec
long term. Our estimated long-term FIX levels, validated by recent trial data,
indicate that Etranacogene dezaparvovec induces sustained FIX production.
Together, the theoretical findings, simulation results, and application of this
framework underscore its potential to address long-term effectiveness estima-
tion and inference questions in real-world applications.
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Risk of suicide attempt varies over time. Understanding the importance
of risk factors measured at a mental health visit can help clinicians evaluate
future risk and provide appropriate care during the visit. In prediction settings
where data are collected over time, such as in mental health care, it is often
of interest to understand both the importance of variables for predicting the
response at each time point and the importance summarized over the time
series. Building on recent advances in estimation and inference for variable
importance measures, we define summaries of variable importance trajecto-
ries and corresponding estimators. Under common regularity conditions, the
same approaches for inference can be applied to these measures regardless of
the choice of the algorithm(s) used to estimate the prediction function under
standard convergence conditions. We propose a nonparametric efficient esti-
mation and inference procedure as well as a null hypothesis testing procedure
that are valid even when complex machine learning tools are used for predic-
tion. Through simulations we demonstrate that our proposed procedures have
good operating characteristics. We use these approaches to analyze electronic
health records data from two large health systems to investigate the longitu-
dinal importance of risk factors (i.e., the importance of risk factors over time)
for suicide attempt to inform future suicide prevention research and clinical
workflow.
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TRANSPARENT SEQUENTIAL LEARNING AND MONITORING OF
SPATIOTEMPORAL DISEASE INCIDENCE RATES
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Our society is under constant threat from outbreaks of various infectious
diseases, such as COVID-19, Zika, and others. The recent COVID-19 pan-
demic has claimed millions of lives and caused devastating disruption to our
daily routines. Prompt detection of outbreaks and effective disease surveil-
lance are critical yet challenging, due to the complex spatiotemporal dy-
namics of infectious disease spread. Existing analytical tools often rely on
restrictive assumptions, such as data independence and specific parametric
distributions, that are rarely valid in practical scenarios. Additionally, effec-
tive disease surveillance demands sequential decision-making since decisions
should be made or updated whenever new data become available. But many
existing methods were designed for retrospective data observed in a prespec-
ified time interval and would not be effective for disease surveillance. To ad-
dress these limitations, we develop a cumulative sum (CUSUM) control chart
for sequentially monitoring the evolution of spatiotemporal disease incidence
rates. The new chart is constructed under the sequential learning framework
that continuously incorporates new data in updating the estimated baseline
model. Unlike traditional methods, the new method can capture complex data
structure including spatiotemporal data variation and correlation. Numerical
studies indicate that it achieves faster and more reliable detection of disease
outbreaks compared to some traditional methods.
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MODELING TEMPORAL DEPENDENCE IN A SEQUENCE OF SPATIAL
RANDOM PARTITIONS DRIVEN BY SPANNING TREE: AN APPLICATION

TO MOSQUITO-BORNE DISEASES
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Time-dependent regionalization, or spatially restricted grouping, is a sig-
nificant area of research focused on understanding the evolution of spatial
clusters over time. In this study we adopt a probabilistic approach to re-
gionalization, conceptualizing it as a random partition of geographic space
at each time point, with the sequence of spatial partitions exhibiting time
dependency. This methodology facilitates inference regarding the temporal
dynamics of clusters. We employ a product partition prior for the random par-
titions at each time point, introducing temporal correlation among partitions
through the temporal structure associated with prior cohesions. To explore
partition search space effectively and ensure spatially constrained clustering,
we utilize random spanning trees. This research is motivated by a pertinent
applied problem: the identification of spatial and temporal patterns associated
with mosquito-borne diseases. Given the overdispersion inherent in this type
of data, we propose a spatiotemporal Poisson mixture model in which both
mean and dispersion parameters vary according to spatiotemporal covariates.
We apply the proposed model to analyze weekly reported cases of dengue
from 2018 to 2023 in the Southeast region of Brazil. Additionally, we assess
modeling performance using simulated data. Results indicate that our model
is competitive in analyzing the temporal evolution of spatial clustering.
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Stochastic infectious disease models capture uncertainty in public health
outcomes and have become increasingly popular in epidemiological practice.
However, it is hard to calibrate realistic stochastic models to data due to the
challenges of likelihood-based inference of unknown parameters. Stochas-
tic epidemic models are nonlinear dynamical systems that may feature mas-
sive latent state spaces, resulting in computationally intractable likelihood
densities. We develop an approach to calibrating large-scale epidemiological
models using Neural Posterior Estimation, an emergent deep learning tech-
nique for simulation-based inference. In NPE, a neural network trained on
simulated data learns to “invert” a stochastic simulator, returning a paramet-
ric approximation to the posterior distribution. Motivated by the problem of
understanding transmission of carbapenem-resistant Klebsiella pneumoniae
(CRKP), a major healthcare-associated infection, we propose a stochastic,
discrete-time susceptible infected model. Through a realistic simulation ex-
periment, we show that NPE produces accurate posterior estimates of un-
known infection rates at a computational discount compared to Approxi-
mate Bayesian Computation. In an empirical study of CRKP transmission
in a Chicago-area hospital, we use NPE to analyze spatial heterogeneity in
patient-to-patient transmission risk.
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Alzheimer’s disease (AD) is a progressive neurodegenerative disorder
characterized by amyloid-beta plaques and tau tangles, with significant patho-
logical changes occurring in subcortical brain regions. While previous re-
search has focused primarily on volumetric reductions in areas, such as the
hippocampus, thalamus, and caudate, emerging evidence suggests that their
fine-grained shape deformations may offer greater sensitivity to early dis-
ease pathology. Moreover, understanding how these shape alterations influ-
ence brain functional connectivity (FC) networks could provide critical in-
sights into the neurobiological mechanisms underlying the progression of
AD. In this context we propose a novel statistical approach, the Connectivity-
on-Shape Regression (COSR) model, designed to investigate the spatially
varying impact of brain subcortical shape on FC, accounting for the intrin-
sic modularity of functional networks. Under a Bayesian framework, COSR
employs a relaxed-thresholded Gaussian process prior model to promote fea-
ture selection and integrates a stochastic block model to capture the unknown
modular organization of FC. To facilitate the practical application of COSR
with vertex-level shape measurements, we develop a computationally effi-
cient variational inference approach to achieve posterior inference. Extensive
simulations demonstrate the superiority of COSR over existing alternatives
in accurately uncovering connectivity-to-shape associations and identifying
neurobiological signals. Applying COSR to data from the Anti-Amyloid
Treatment in Asymptomatic Alzheimer’s study, we discover meaningful neu-
ral structural-functional relationships in amyloid-positive individuals, high-
lighting the potentially complex interplay between structural and functional
brain alterations during this crucial preclinical stage of AD.
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Understanding functional connectivity patterns in autism spectrum dis-
order (ASD) remains an unsettled scientific problem with existing literature
pointing to evidence of both over- and underconnectivity. Resting-state fMRI
data is a popular modality with rich spatiotemporal information but poses
significant modeling challenges. This work presents a new method for iden-
tifying neuroimaging biomarkers in ASD using high-dimensional resting-
state fMRI data. The proposed model is flexible in that it can accommodate
multiple features in fMRI time series data such as stationary, nonstationary,
high-dimensional, Gaussian and non-Gaussian. Statistical inference is car-
ried out by constructing an approximate Whittle likelihood that stems from
a frequency domain factor model. The modeling approach also enables es-
timation of frequency-specific functional connectivity matrices. Two group
comparisons (ASD vs. healthy control) are carried out by finding differences
in the distributions and means of the number of edges in the functional con-
nectivity matrices. These two group comparisons via testing are achieved us-
ing multiple candidate discrete and zero-inflated discrete distributions. Using
our proposed approach led to interesting results that indicate altered func-
tional connectivity in ASD with varying patterns witnessed across different
age groups, resting-state networks and frequencies.
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COVARIANCE REGRESSION WITH HIGH-DIMENSIONAL PREDICTORS:
AN APPLICATION TO LINK BRAIN STRUCTURAL AND FUNCTIONAL

CONNECTIVITY
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In the high-dimensional landscape, addressing the challenges of covari-
ance regression with high-dimensional predictors has posed difficulties for
conventional methodologies. This paper addresses these hurdles by present-
ing a novel approach for high-dimensional inference with covariance matrix
outcomes. The proposed methodology is demonstrated through its applica-
tion in identifying patterns of brain co-activation observed in functional mag-
netic resonance imaging (fMRI) experiments and in revealing the predictive
role of brain structural connectivity mapped through diffusion tensor imaging
(DTI). In the pursuit of dependable statistical inference, we introduce an inte-
grative approach based on penalized estimation. This approach combines data
splitting, variable selection, aggregation of low-dimensional estimators, and
robust variance estimation. It enables the construction of reliable confidence
intervals for covariate coefficients, supported by theoretical confidence lev-
els under specified conditions, where asymptotic distributions are provided.
Through various simulation studies, the proposed approach performs well for
covariance regression in the presence of high-dimensional predictors. This
innovative approach is applied to the Lifespan Human Connectome Project
(HCP) Aging Study. Brain networks and corresponding regions are identified,
where regional DTI metrics predict within network resting-state functional
connectivity. The findings are in line with established knowledge of the hu-
man brain.

REFERENCES

BARBER, R. F. and CANDÈS, E. J. (2019). A knockoff filter for high-dimensional selective inference. Ann. Statist.
47 2504–2537. MR3988764 https://doi.org/10.1214/18-AOS1755

BASSETT, D. S. and BULLMORE, E. T. (2017). Small-world brain networks revisited. Neuroscientist 23 499–516.
BASSETT, D. S. and SPORNS, O. (2017). Netw. Neurosci. Nat. Neurosci. 20 353–364.
BOOKHEIMER, S. Y., SALAT, D. H., TERPSTRA, M., ANCES, B. M., BARCH, D. M., BUCKNER, R. L.,

BURGESS, G. C., CURTISS, S. W., DIAZ-SANTOS, M. et al. (2019). The lifespan human connectome project
in aging: An overview. NeuroImage 185 335–348.

BRESSLER, S. L. and MENON, V. (2010). Large-scale brain networks in cognition: Emerging methods and prin-
ciples. Trends Cogn. Sci. 14 277–290.

BÜHLMANN, P. and VAN DE GEER, S. (2011). Statistics for High-Dimensional Data: Methods, Theory and Ap-
plications. Springer Series in Statistics. Springer, Heidelberg. MR2807761 https://doi.org/10.1007/978-3-642-
20192-9

BULLMORE, E. and SPORNS, O. (2012). The economy of brain network organization. Nat. Rev. Neurosci. 13 336.
CAI, J.-F., DONG, B., OSHER, S. and SHEN, Z. (2012). Image restoration: Total variation, wavelet frames, and

beyond. J. Amer. Math. Soc. 25 1033–1089. MR2947945 https://doi.org/10.1090/S0894-0347-2012-00740-1
COHEN, M. X. (2014). Analyzing Neural Time Series Data: Theory and Practice. MIT Press, Cambridge.
DAI, C., LIN, B., XING, X. and LIU, J. S. (2023). False discovery rate control via data splitting. J. Amer. Statist.

Assoc. 118 2503–2520. MR4681600 https://doi.org/10.1080/01621459.2022.2060113
DECO, G., PONCE-ALVAREZ, A., MANTINI, D., ROMANI, G. L., HAGMANN, P. and CORBETTA, M. (2013).

Resting-state functional connectivity emerges from structurally and dynamically shaped slow linear fluctua-
tions. J. Neurosci. 33 11239–11252.

Key words and phrases. Covariance regression, confidence interval, high-dimensional predictors, penalized es-
timation, variance estimation.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/26-AOAS2157
https://www.imstat.org
mailto:yuheng_he@foxmail.com
mailto:nk.chlzou@gmail.com
mailto:yz125@iu.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3988764
https://doi.org/10.1214/18-AOS1755
https://mathscinet.ams.org/mathscinet-getitem?mr=2807761
https://doi.org/10.1007/978-3-642-20192-9
https://doi.org/10.1007/978-3-642-20192-9
https://mathscinet.ams.org/mathscinet-getitem?mr=2947945
https://doi.org/10.1090/S0894-0347-2012-00740-1
https://mathscinet.ams.org/mathscinet-getitem?mr=4681600
https://doi.org/10.1080/01621459.2022.2060113


DESIKAN, R. S., SÉGONNE, F., FISCHL, B., QUINN, B. T., DICKERSON, B. C., BLACKER, D., BUCKNER, R. L.,
DALE, A. M., MAGUIRE, R. P. et al. (2006). An automated labeling system for subdividing the human cerebral
cortex on MRI scans into gyral based regions of interest. NeuroImage 31 968–980.

DONOHO, D. L. and JOHNSTONE, I. M. (1995). Adapting to unknown smoothness via wavelet shrinkage. J. Amer.
Statist. Assoc. 90 1200–1224. MR1379464

DU, L., GUO, X., SUN, W. and ZOU, C. (2023). False discovery rate control under general dependence by
symmetrized data aggregation. J. Amer. Statist. Assoc. 118 607–621. MR4571145 https://doi.org/10.1080/
01621459.2021.1945459

EFRON, B. (2014). Estimation and accuracy after model selection. J. Amer. Statist. Assoc. 109 991–1007.
MR3265671 https://doi.org/10.1080/01621459.2013.823775

FAN, J. and LI, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle properties. J.
Amer. Statist. Assoc. 96 1348–1360. MR1946581 https://doi.org/10.1198/016214501753382273

FEI, Z. and LI, Y. (2021). Estimation and inference for high dimensional generalized linear models: A splitting
and smoothing approach. J. Mach. Learn. Res. 22 Paper No. 58. MR4253751

FLURY, B. N. (1986). Asymptotic theory for common principal component analysis. Ann. Statist. 14 418–430.
MR0840506 https://doi.org/10.1214/aos/1176349930

FORNITO, A., ZALESKY, A. and BREAKSPEAR, M. (2015). The connectomics of brain disorders. Nat. Rev. Neu-
rosci. 16 159.

FRISTON, K. J. (1994). Functional and effective connectivity in neuroimaging: A synthesis. Hum. Brain Mapp. 2
56–78.

GLASSER, M. F., SOTIROPOULOS, S. N., WILSON, J. A., COALSON, T. S., FISCHL, B., ANDERSSON, J. L., XU, J.,
JBABDI, S., WEBSTER, M. et al. (2013). The minimal preprocessing pipelines for the human connectome
project. NeuroImage 80 105–124.

GOLLO, L. L., ROBERTS, J. A., CROPLEY, V. L., DI BIASE, M. A., PANTELIS, C., ZALESKY, A. and BREAK-
SPEAR, M. (2018). Fragility and volatility of structural hubs in the human connectome. Nat. Neurosci. 21
1107–1116.

GROSENICK, L., KLINGENBERG, B., KATOVICH, K., KNUTSON, B. and TAYLOR, J. E. (2013). Interpretable
whole-brain prediction analysis with GraphNet. NeuroImage 72 304–321.

HAGMANN, P., SPORNS, O., MADAN, N., CAMMOUN, L., PIENAAR, R., WEDEEN, V. J., MEULI, R., THIRAN, J.-
P. and GRANT, P. (2010). White matter maturation reshapes structural connectivity in the late developing
human brain. Proc. Natl. Acad. Sci. USA 107 19067–19072.

HALL, Z., CHIEN, B., ZHAO, Y., RISACHER, S. L., SAYKIN, A. J., WU, Y.-C. and WEN, Q. (2022). Tau deposi-
tion and structural connectivity demonstrate differential association patterns with neurocognitive tests. Brain
Imaging Behav. 16 702–714.

HE, Y., ZOU, C. and ZHAO, Y. (2026). Supplement to “Covariance regression with high-dimensional predictors: an
spplication to link brain structural and functional connectivity.” https://doi.org/10.1214/26-AOAS2157SUPPA,
https://doi.org/10.1214/26-AOAS2157SUPPB

HEBB, D. O. (2005). The Organization of Behavior: A Neuropsychological Theory. Psychology Press.
HERMUNDSTAD, A. M., BASSETT, D. S., BROWN, K. S., AMINOFF, E. M., CLEWETT, D., FREEMAN, S., FRITH-

SEN, A., JOHNSON, A., TIPPER, C. M. et al. (2013). Structural foundations of resting-state and task-based
functional connectivity in the human brain. Proc. Natl. Acad. Sci. USA 110 6169–6174.

HONEY, C., SPORNS, O., CAMMOUN, L., GIGANDET, X., THIRAN, J.-P., MEULI, R. and HAGMANN, P. (2009).
Predicting human resting-state functional connectivity from structural connectivity. Proc. Natl. Acad. Sci. USA
106 2035–2040.

HUANG, C., SUN, X., XIONG, J. and YAO, Y. (2016). Split LBI: An iterative regularization path with structural
sparsity. Adv. Neural Inf. Process. Syst. 29.

HUANG, C., SUN, X., XIONG, J. and YAO, Y. (2020). Boosting with structural sparsity: A differential inclusion
approach. Appl. Comput. Harmon. Anal. 48 1–45. MR4016983 https://doi.org/10.1016/j.acha.2017.12.004

HUANG, S., LI, J., YE, J., FLEISHER, A., CHEN, K., WU, T., REIMAN, E. and THE ALZHEIMER’S DISEASE

NEUROIMAGING INITIATIVE (2012). A sparse structure learning algorithm for Gaussian Bayesian network
identification from high-dimensional data. IEEE Trans. Pattern Anal. Mach. Intell. 35 1328–1342.

JAVANMARD, A. and MONTANARI, A. (2014). Confidence intervals and hypothesis testing for high-dimensional
regression. J. Mach. Learn. Res. 15 2869–2909. MR3277152

JBABDI, S. and JOHANSEN-BERG, H. (2011). Tractography: Where do we go from here? Brain Connect. 1
169–183.

JONES, D. K. (2011). Diffusion MRI: Theory, Methods, and Application. Oxford Univ. Press, New York.
KIM, R. and ZHANG, J. (2024). High-dimensional covariance regression with application to co-expression QTL

detection. arXiv Preprint. Available at arXiv:2404.02093.
KIM, S.-J., KOH, K., BOYD, S. and GORINEVSKY, D. (2009). l1 trend filtering. SIAM Rev. 51 339–360.

MR2505584 https://doi.org/10.1137/070690274

https://mathscinet.ams.org/mathscinet-getitem?mr=1379464
https://mathscinet.ams.org/mathscinet-getitem?mr=4571145
https://doi.org/10.1080/01621459.2021.1945459
https://doi.org/10.1080/01621459.2021.1945459
https://mathscinet.ams.org/mathscinet-getitem?mr=3265671
https://doi.org/10.1080/01621459.2013.823775
https://mathscinet.ams.org/mathscinet-getitem?mr=1946581
https://doi.org/10.1198/016214501753382273
https://mathscinet.ams.org/mathscinet-getitem?mr=4253751
https://mathscinet.ams.org/mathscinet-getitem?mr=0840506
https://doi.org/10.1214/aos/1176349930
https://doi.org/10.1214/26-AOAS2157SUPPA
https://doi.org/10.1214/26-AOAS2157SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=4016983
https://doi.org/10.1016/j.acha.2017.12.004
https://mathscinet.ams.org/mathscinet-getitem?mr=3277152
https://arxiv.org/abs/2404.02093
https://mathscinet.ams.org/mathscinet-getitem?mr=2505584
https://doi.org/10.1137/070690274


KRZANOWSKI, W. (1984). Principal component analysis in the presence of group structure. J. R. Stat. Soc., Ser.
C, Appl. Stat. 33 164–168.

LAIRD, A. R., EICKHOFF, S. B., LI, K., ROBIN, D. A., GLAHN, D. C. and FOX, P. T. (2009). Investigating
the functional heterogeneity of the default mode network using coordinate-based meta-analytic modeling. J.
Neurosci. 29 14496–14505.

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-AOS1371

LEECH, R., KAMOURIEH, S., BECKMANN, C. F. and SHARP, D. J. (2011). Fractionating the default mode network:
Distinct contributions of the ventral and dorsal posterior cingulate cortex to cognitive control. J. Neurosci. 31
3217–3224.

LE BIHAN, D. (2003). Looking into the functional architecture of the brain with diffusion MRI. Nat. Rev. Neurosci.
4 469–480.

LI, Y., NAN, B. and ZHU, J. (2015). Multivariate sparse group lasso for the multivariate multiple linear regression
with an arbitrary group structure. Biometrics 71 354–363. MR3366240 https://doi.org/10.1111/biom.12292

MEINSHAUSEN, N. and BÜHLMANN, P. (2010). Stability selection. J. R. Stat. Soc. Ser. B. Stat. Methodol. 72
417–473. MR2758523 https://doi.org/10.1111/j.1467-9868.2010.00740.x

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

NEGAHBAN, S. N., RAVIKUMAR, P., WAINWRIGHT, M. J. and YU, B. (2012). A unified framework for high-
dimensional analysis of M-estimators with decomposable regularizers. Statist. Sci. 27 538–557. MR3025133
https://doi.org/10.1214/12-STS400

PRETI, M. G. and VAN DE VILLE, D. (2019). Decoupling of brain function from structure reveals regional be-
havioral specialization in humans. Nat. Commun. 10 4747.

RUDIN, L. I., OSHER, S. and FATEMI, E. (1992). Nonlinear total variation based noise removal algorithms. Phys.
D, Nonlinear Phenom. 60 259–268.

SMITH, S. M., JENKINSON, M., WOOLRICH, M. W., BECKMANN, C. F., BEHRENS, T. E., JOHANSEN-BERG, H.,
BANNISTER, P. R., DE LUCA, M., DROBNJAK, I. et al. (2004). Advances in functional and structural MR
image analysis and implementation as FSL. NeuroImage 23 S208–S219.

SONG, H., DAI, R., RASKUTTI, G. and BARBER, R. F. (2020). Convex and non-convex approaches for statistical
inference with class-conditional noisy labels. J. Mach. Learn. Res. 21 Paper No. 168. MR4209454

SPORNS, O. (2007). Brain connect.. Scholarpedia 2 4695.
SUÁREZ, L. E., MARKELLO, R. D., BETZEL, R. F. and MISIC, B. (2020). Linking structure and function in

macroscale brain networks. Trends Cogn. Sci. 24 302–315.
TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B, Methodol.

58 267–288. MR1379242
TIBSHIRANI, R., SAUNDERS, M., ROSSET, S., ZHU, J. and KNIGHT, K. (2005). Sparsity and smoothness via the

fused lasso. J. R. Stat. Soc. Ser. B. Stat. Methodol. 67 91–108. MR2136641 https://doi.org/10.1111/j.1467-
9868.2005.00490.x

TIBSHIRANI, R. J. and TAYLOR, J. (2011). The solution path of the generalized lasso. Ann. Statist. 39 1335–1371.
MR2850205 https://doi.org/10.1214/11-AOS878

VAN DE GEER, S., BÜHLMANN, P., RITOV, Y. and DEZEURE, R. (2014). On asymptotically optimal confidence
regions and tests for high-dimensional models. Ann. Statist. 42 1166–1202. MR3224285 https://doi.org/10.
1214/14-AOS1221

VAN DEN HEUVEL, M. P., SPORNS, O., COLLIN, G., SCHEEWE, T., MANDL, R. C., CAHN, W., GOÑI, J.,
POL, H. E. H. and KAHN, R. S. (2013). Abnormal rich club organization and functional brain dynamics in
schizophrenia. JAMA Psychiatr. 70 783–792.

WASSERMAN, L. and ROEDER, K. (2009). High-dimensional variable selection. Ann. Statist. 37 2178–2201.
MR2543689 https://doi.org/10.1214/08-AOS646

WEDEEN, V. J., HAGMANN, P., TSENG, W.-Y. I., REESE, T. G. and WEISSKOFF, R. M. (2005). Mapping complex
tissue architecture with diffusion spectrum magnetic resonance imaging. Magn. Reson. Med. 54 1377–1386.

XIA, C. H., MA, Z., CIRIC, R., GU, S., BETZEL, R. F., KACZKURKIN, A. N., CALKINS, M. E., COOK, P. A.,
DE LA GARZA, A. G. et al. (2018). Linked dimensions of psychopathology and connectivity in functional
brain networks. Nat. Commun. 9 3003.

XIA, L., NAN, B. and LI, Y. (2023). Debiased lasso for generalized linear models with a diverging number of
covariates. Biometrics 79 344–357. MR4572526 https://doi.org/10.1111/biom.13587

ZHANG, C.-H. (2010). Nearly unbiased variable selection under minimax concave penalty. Ann. Statist. 38
894–942. MR2604701 https://doi.org/10.1214/09-AOS729

ZHANG, C.-H. and ZHANG, S. S. (2014). Confidence intervals for low dimensional parameters in high dimensional
linear models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 76 217–242. MR3153940 https://doi.org/10.1111/rssb.
12026

https://mathscinet.ams.org/mathscinet-getitem?mr=3485948
https://doi.org/10.1214/15-AOS1371
https://mathscinet.ams.org/mathscinet-getitem?mr=3366240
https://doi.org/10.1111/biom.12292
https://mathscinet.ams.org/mathscinet-getitem?mr=2758523
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1803168
https://doi.org/10.2307/2669386
https://mathscinet.ams.org/mathscinet-getitem?mr=3025133
https://doi.org/10.1214/12-STS400
https://mathscinet.ams.org/mathscinet-getitem?mr=4209454
https://mathscinet.ams.org/mathscinet-getitem?mr=1379242
https://mathscinet.ams.org/mathscinet-getitem?mr=2136641
https://doi.org/10.1111/j.1467-9868.2005.00490.x
https://doi.org/10.1111/j.1467-9868.2005.00490.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2850205
https://doi.org/10.1214/11-AOS878
https://mathscinet.ams.org/mathscinet-getitem?mr=3224285
https://doi.org/10.1214/14-AOS1221
https://doi.org/10.1214/14-AOS1221
https://mathscinet.ams.org/mathscinet-getitem?mr=2543689
https://doi.org/10.1214/08-AOS646
https://mathscinet.ams.org/mathscinet-getitem?mr=4572526
https://doi.org/10.1111/biom.13587
https://mathscinet.ams.org/mathscinet-getitem?mr=2604701
https://doi.org/10.1214/09-AOS729
https://mathscinet.ams.org/mathscinet-getitem?mr=3153940
https://doi.org/10.1111/rssb.12026
https://doi.org/10.1111/rssb.12026


ZHANG, Z., LIAO, W., CHEN, H., MANTINI, D., DING, J.-R., XU, Q., WANG, Z., YUAN, C., CHEN, G. et al.
(2011). Altered functional–structural coupling of large-scale brain networks in idiopathic generalized epilepsy.
Brain 134 2912–2928.

ZHAO, P. and YU, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res. 7 2541–2563.
MR2274449

ZHAO, Y., WANG, B., MOSTOFSKY, S. H., CAFFO, B. S. and LUO, X. (2021). Covariate assisted principal
regression for covariance matrix outcomes. Biostatistics 22 629–645. MR4287172 https://doi.org/10.1093/
biostatistics/kxz057

https://mathscinet.ams.org/mathscinet-getitem?mr=2274449
https://mathscinet.ams.org/mathscinet-getitem?mr=4287172
https://doi.org/10.1093/biostatistics/kxz057
https://doi.org/10.1093/biostatistics/kxz057


The Annals of Applied Statistics
2026, Vol. 20, No. 2, 1496–1515
https://doi.org/10.1214/26-AOAS2140
© Institute of Mathematical Statistics, 2026

BSNMANI: BAYESIAN SCALAR-ON-NETWORK REGRESSION WITH
MANIFOLD LEARNING

BY YIJUN LI1,a , KI SUENG CHOI2,c , BOADIE W. DUNLOP3,e , W.
EDWARD CRAIGHEAD3,f , HELEN S. MAYBERG2,d , LANA GARMIRE4,g ,

YING GUO5,h AND JIAN KANG1,b

1Department of Biostatistics, University of Michigan, aliyijun@umich.edu, bjiankang@umich.edu
2Center of Advanced Circuit Therapeutics, Icahn School of Medicine at Mount Sinai, ckisueng.choi@mssm.edu,

dhelen.mayberg@mssm.edu
3Department of Psychiatry and Behavioral Sciences, Emory University School of Medicine, ebdunlop@emory.edu,

fecraigh@emory.edu
4Department of Computational Medicine and Bioinformatics, University of Michigan, glgarmire@med.umich.edu

5Department of Biostatistics and Bioinformatics, Emory University, hyguo2@emory.edu

Brain connectivity analysis is crucial for understanding brain structure
and neurological function, shedding light on the mechanisms of mental ill-
ness. To study the association between individual brain connectivity networks
and the clinical characteristics, we develop BSNMani: a Bayesian scalar-on-
network regression model with manifold learning. BSNMani comprises two
components: the network manifold learning model for brain connectivity net-
works, which extracts shared connectivity structures and subject-specific net-
work features, and the joint predictive model for clinical outcomes, which
studies the association between clinical phenotypes and subject-specific net-
work features while adjusting for potential confounding covariates. For poste-
rior computation, we develop a novel two-stage hybrid algorithm combining
Metropolis-Adjusted Langevin Algorithm (MALA) and Gibbs sampling. Our
method is not only able to extract meaningful subnetwork features that reveal
shared connectivity patterns but can also reveal their association with clini-
cal phenotypes, further enabling clinical outcome prediction. We demonstrate
our method through simulations and through its application to real resting-
state fMRI data from a study focusing on Major Depressive Disorder (MDD).
Our approach sheds light on the intricate interplay between brain connectivity
and clinical features, offering insights that can contribute to our understand-
ing of psychiatric and neurological disorders as well as mental health.
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Persistent homology (PH) characterizes the shape of brain networks
through persistence features. Group comparison of persistence features from
brain networks can be challenging, as they are inherently heterogeneous. A
recent scale-space representation of persistence diagram (PD) through heat
diffusion reparameterizes using a finite number of Fourier coefficients with
respect to the Laplace–Beltrami (LB) eigenfunction expansion of the domain,
thus providing a powerful vectorized algebraic representation for group com-
parisons of PDs. In this study, we advance a transposition-based permutation
test for comparing multiple groups of PDs using their heat-diffusion estimates
of the PDs. We evaluate the empirical performance of the spectral transposi-
tion test in capturing within- and between-group similarity and dissimilarity
under statistical variation in topological noise and cycle location. In applica-
tion, we introduce a topological lesion symptom mapping (TLSM) method
based on the proposed topological inference framework. The method is ap-
plied to resting-state functional brain networks from individuals with post-
stroke aphasia to identify characteristic cycles associated with varying de-
grees of speech-language impairment, as measured by behavioral test scores.
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GRANGER CAUSALITY FOR MIXED TIME SERIES GENERALIZED
LINEAR MODELS: A CASE STUDY ON MULTIMODAL BRAIN

CONNECTIVITY
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This paper is motivated by neuroscience studies aimed at understanding
causal or predictive interactions between nodes in a brain network using mul-
timodal brain activity data. To assess Granger causality, we introduce a flex-
ible framework through a general class of models that accommodate mixed
types of data (binary, count, continuous and positive components) formulated
in a generalized linear model (GLM) fashion. To conduct statistical inference
for causality, we propose a Bayesian mixed time series model that incorpo-
rates spike-and-slab priors on selected parameters. This framework enables
effective selection of causal ordering and offers robust uncertainty quantifica-
tion. The proposed methods are then applied to brain activity data, including
both spike train and local field potential (LFP) activity, recorded as animals
(rats) performed a complex sequence memory task. The proposed method-
ology provides critical insights into the causal relationship between band-
specific spectral power in the LFP and subsequent spiking activity. Specifi-
cally, power in the LFP beta band is predictive of spiking activity 300 mil-
liseconds later, providing a novel analytical tool for this area of emerging
interest in neuroscience and demonstrating its usefulness and flexibility in
the study of causality in general.
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EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN
SEQUENTIAL DESIGN WITH AN APPLICATION TO BUILDING

ENERGY SYSTEMS
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Parameter calibration seeks to estimate unobservable parameters in a
computer model by aligning field observations with computer model outputs.
In the building energy sector, a physics-based computer model is developed
to analyze building energy use, given various weather conditions and oper-
ational scenarios. To obtain accurate simulations, it is necessary to calibrate
model parameters required for preconfiguration. Among various techniques,
Bayesian optimization stands out for its potential but faces some challenges
when handling a large number of parameters. A possible remedy is to focus
selectively on influential parameters, thereby simplifying a complex, high-
dimensional task into a more tractable, lower-dimensional endeavor. We de-
velop a new method that ranks parameter importance to effectively enable
stochastic dimension reduction by utilizing the multi-armed bandit approach.
By accounting for unequal importance among parameters, our approach gen-
erates accurate surrogate models tailored to the reduced dimension and guides
an efficient exploration of the parameter search space in the Bayesian opti-
mization procedure. The numerical studies and building energy simulation
case study demonstrate that the proposed approach achieves a significant im-
provement in both calibration accuracy and efficiency. Moreover, it capably
identifies the influential parameters and explains their impact on the computer
model, providing valuable insights into understanding the system’s dynamics.
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This paper introduces an approach to analyze nonhomogeneous Pois-
son processes (NHPP) observed with noise, focusing on previously unstud-
ied second-order characteristics of the noisy process. Utilizing a hierarchi-
cal Bayesian model with noisy data, we estimate hyperparameters govern-
ing a physically motivated NHPP intensity. Simulation studies demonstrate
the reliability of this methodology in accurately estimating hyperparameters.
Leveraging the posterior distribution, we then infer the probability of detect-
ing a certain number of events within a given radius, the k-contact distance.
We demonstrate our methodology with an application to observations of fast
radio bursts (FRBs) detected by the Canadian Hydrogen Intensity Mapping
Experiment’s FRB Project (CHIME/FRB). This approach allows us to iden-
tify repeating FRB sources by bounding or directly simulating the probabil-
ity of observing k physically independent sources within some radius in the
detection domain or the probability of coincidence (PC). The new methodol-
ogy improves the repeater detection PC in 91% of cases when applied to the
largest sample of previously classified observations, with a median improve-
ment factor (existing metric over PC from our methodology) of ∼ 4800.
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ADAPTIVE BLOCK-BASED CHANGE-POINT DETECTION FOR SPARSE
SPATIALLY CLUSTERED DATA WITH APPLICATIONS IN REMOTE

SENSING IMAGING

BY ALAN MOOREa, LYNNA CHUb AND ZHENGYUAN ZHUc

Department of Statistics, Iowa State University, aalancm@iastate.edu, blchu@iastate.edu, czzhu@iastate.edu

We present a nonparametric change-point detection approach to detect
potentially sparse changes in a time series of high-dimensional observations
or non-Euclidean data objects. We target a change in distribution that occurs
in a small, unknown subset of dimensions, where these dimensions may be
correlated. Our work is motivated by a remote sensing application, where
changes occur in small, spatially clustered regions over time. An adaptive
block-based change-point detection framework is proposed that accounts for
spatial dependencies across dimensions and leverages these dependencies to
boost detection power and improve estimation accuracy. Through simulation
studies we demonstrate that our approach has superior performance in detect-
ing sparse changes in datasets with spatial or local group structures. An ap-
plication of the proposed method to detect activity, such as new construction,
in remote sensing imagery of the Natanz Nuclear Facility in Iran is presented
to demonstrate the method’s efficacy.
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HIERARCHICAL PROBABILISTIC CONFORMAL PREDICTION FOR
DISTRIBUTED ENERGY RESOURCES ADOPTION
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bshixiangzhu@cmu.edu

The rapid growth of distributed energy resources (DERs) presents both
opportunities and operational challenges for electric grid management. Ac-
curately predicting DER adoption is critical for proactive infrastructure plan-
ning, but the inherent uncertainty and spatial disparity of DER growth com-
plicate traditional forecasting approaches. Moreover, the hierarchical struc-
ture of distribution grids demands that predictions satisfy statistical guaran-
tees at both the circuit and substation levels, a nontrivial requirement for reli-
able decision-making. In this paper we propose a novel uncertainty quantifi-
cation framework for DER adoption predictions that ensures validity across
hierarchical grid structures. Leveraging a multivariate Hawkes process to
model DER adoption dynamics and a tailored split conformal prediction al-
gorithm, we introduce a new nonconformity score that preserves statistical
guarantees under aggregation while maintaining prediction efficiency. We es-
tablish theoretical validity under mild conditions and, through empirical eval-
uation on customer-level solar panel installation data from Indianapolis, Indi-
ana, demonstrate that our method consistently outperforms existing baselines
in both predictive accuracy and uncertainty calibration.
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Self-exciting point processes are widely used to model the contagious
effects of crime events living within continuous geographic space, using
their occurrence time and locations. However, in urban environments most
events are naturally constrained within the city’s street network structure,
and the contagious effects of crime are governed by such a network ge-
ography. Meanwhile, the complex distribution of urban infrastructures also
plays an important role in shaping crime patterns across space. We introduce
a novel spatiotemporal-network point process framework for crime model-
ing that integrates these urban environmental characteristics by incorporating
self-attention graph neural networks. Our framework incorporates the street
network structure as the underlying event space, where crime events can oc-
cur at random locations on the network edges. To realistically capture crim-
inal movement patterns, distances between events are measured using street
network distances. We then propose a new mark for a crime event by concate-
nating the event’s crime category with the type of its nearby landmark, aiming
to capture how the urban design influences the mixing structures of various
crime types. A graph attention network architecture is adopted to learn the
existence of mark-to-mark interactions. Extensive experiments on crime data
from Valencia, Spain, demonstrate the effectiveness of our framework in un-
derstanding the crime landscape and forecasting crime risks across regions.
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Motivated by the challenge of analyzing the dynamics of weekly sea
border crossings in the Mediterranean (2015–2025) and the English Chan-
nel (2018–2025), we develop a Bayesian dynamic framework for model-
ing heteroskedastic count time series. Building on theoretical considera-
tions and empirical stylized facts, our approach utilizes a Poisson random
walk model that allows for heavy-tailed innovations or stochastic volatil-
ity dynamics, while incorporating an explicit mechanism to separate struc-
tural from sampling zeros. Posterior inference is carried out via a straight-
forward Markov chain Monte Carlo algorithm. Applying this methodology
to Mediterranean and English Channel data, we compare alternative model
specifications through a comprehensive out-of-sample forecasting exercise.
Using log predictive scores and empirical coverage at predictive quantiles to
evaluate each model, we find strong evidence for stochastic volatility in mi-
gration innovations. These models deliver the strongest out-of-sample fore-
casts with empirical coverage close to nominal levels up to the 99th per-
centile. Our framework can be used to develop risk indicators with direct
policy implications for improving governance and preparedness for migration
surges. More broadly, the methodology extends to other zero-inflated nonsta-
tionary count time series applications, including epidemiological surveillance
and public safety incident monitoring.
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Network-linked data, in which multivariate observations are intercon-
nected by a network, are becoming increasingly prevalent in fields such as
sociology and biology. These data often exhibit inherent noise and com-
plex relational structures, complicating conventional modeling and statisti-
cal inference. Motivated by empirical challenges in analyzing such datasets,
this paper introduces a family of network subspace generalized linear mod-
els designed for analyzing noisy, network-linked data. We propose a model
inference method based on subspace-constrained maximum likelihood that
emphasizes flexibility in capturing network effects and provides an infer-
ence framework that is robust under network perturbations. We establish
the asymptotic distributions of the estimators under network perturbations,
demonstrating the method’s accuracy through extensive simulations involv-
ing random network models and deep-learning-based embedding algorithms.
The proposed methodology is applied to a comprehensive analysis of a large-
scale study on school conflicts, where it identifies significant social effects,
offering meaningful and interpretable insights into student behavior.

REFERENCES

ARMILLOTTA, M. and FOKIANOS, K. (2023). Nonlinear network autoregression. Ann. Statist. 51 2526–2552.
MR4682707 https://doi.org/10.1214/23-aos2345

ATHREYA, A., FISHKIND, D. E., TANG, M., PRIEBE, C. E., PARK, Y., VOGELSTEIN, J. T., LEVIN, K., LYZIN-
SKI, V., QIN, Y. et al. (2018). Statistical inference on random dot product graphs: A survey. J. Mach. Learn.
Res. 18 Paper No. 226, 92. MR3827114

BICKEL, P. J. and CHEN, A. (2009). A nonparametric view of network models and Newman–Girvan and other
modularities. Proc. Natl. Acad. Sci. USA 106 21068–21073.

CHANG, J. H. and PAUL, S. (2024). Embedding Network Autoregression for time series analysis and causal peer
effect inference. arXiv preprint. Available at arXiv:2406.05944.

CHATTERJEE, S. (2015). Matrix estimation by universal singular value thresholding. Ann. Statist. 43 177–214.
MR3285604 https://doi.org/10.1214/14-AOS1272

CUADRA, L., SALCEDO-SANZ, S., DEL SER, J., JIMÉNEZ-FERNÁNDEZ, S. and GEEM, Z. W. (2015). A critical
review of robustness in power grids using complex networks concepts. Energies 8 9211–9265.

FANG, G., XU, G., XU, H., ZHU, X. and GUAN, Y. (2024). Group network Hawkes process. J. Amer. Statist. Assoc.
119 2328–2344. MR4797944 https://doi.org/10.1080/01621459.2023.2257889

GAO, Q.-B., LIN, J.-G., ZHU, C.-H. and WU, Y.-H. (2012). Asymptotic properties of maximum quasi-likelihood
estimators in generalized linear models with adaptive designs. Statistics 46 833–846. MR2989781 https://doi.
org/10.1080/02331888.2010.543465

GREEN, P. J. (1984). Iteratively reweighted least squares for maximum likelihood estimation, and some robust
and resistant alternatives. J. Roy. Statist. Soc. Ser. B, Methodol. 46 149–192. With discussion. MR0781879

GROVER, A. and LESKOVEC, J. (2016). Node2vec: Scalable feature learning for networks. In Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining.

HAN, X., YANG, Q. and FAN, Y. (2023). Universal rank inference via residual subsampling with application to
large networks. Ann. Statist. 51 1109–1133. MR4630942 https://doi.org/10.1214/23-aos2282

Key words and phrases. Generalized linear model, network-linked data, network perturbation, network em-
bedding.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/26-AOAS2163
https://www.imstat.org
mailto:jw1881@scarletmail.rutgers.edu
mailto:canle@ucdavis.edu
mailto:tianxili@umn.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=4682707
https://doi.org/10.1214/23-aos2345
https://mathscinet.ams.org/mathscinet-getitem?mr=3827114
https://arxiv.org/abs/2406.05944
https://mathscinet.ams.org/mathscinet-getitem?mr=3285604
https://doi.org/10.1214/14-AOS1272
https://mathscinet.ams.org/mathscinet-getitem?mr=4797944
https://doi.org/10.1080/01621459.2023.2257889
https://mathscinet.ams.org/mathscinet-getitem?mr=2989781
https://doi.org/10.1080/02331888.2010.543465
https://doi.org/10.1080/02331888.2010.543465
https://mathscinet.ams.org/mathscinet-getitem?mr=0781879
https://mathscinet.ams.org/mathscinet-getitem?mr=4630942
https://doi.org/10.1214/23-aos2282


HARRIS, K. M. (2009). The National Longitudinal Study of Adolescent to Adult Health (Add Health), Waves I
& II, 1994–1996; Wave III, 2001–2002; Wave IV, 2007–009 [machine-readable data file and documentation].
Carolina Population Center, Univ. North Carolina at Chapel Hill.

HAYES, A., FREDRICKSON, M. M. and LEVIN, K. (2022). Estimating network-mediated causal effects via spectral
embeddings. arXiv preprint. Available at arXiv:2212.12041.

HE, Y., SUN, J., TIAN, Y., YING, Z. and FENG, Y. (2025). Semiparametric modeling and analysis for longitudinal
network data. Ann. Statist. 53 1406–1430. MR4959800 https://doi.org/10.1214/25-AOS2506

HOLLAND, P. W., LASKEY, K. B. and LEINHARDT, S. (1983). Stochastic blockmodels: First steps. Soc. Netw. 5
109–137. MR0718088 https://doi.org/10.1016/0378-8733(83)90021-7

HOLME, P. (2015). Modern temporal network theory: A colloquium. Eur. Phys. J. B 88 1–30.
KARRER, B. and NEWMAN, M. E. J. (2011). Stochastic blockmodels and community structure in networks. Phys.

Rev. E 83 016107, 10. MR2788206 https://doi.org/10.1103/PhysRevE.83.016107
KIPF, T. N. and WELLING, M. (2016). Semi-supervised classification with graph convolutional networks. In

International Conference on Learning Representations.
LE, C. M. and LEVINA, E. (2022). Estimating the number of communities by spectral methods. Electron. J. Stat.

16 3315–3342. MR4422967 https://doi.org/10.1214/21-ejs1971
LE, C. M. and LI, T. (2022). Linear regression and its inference on noisy network-linked data. J. R. Stat. Soc. Ser.

B. Stat. Methodol. 84 1851–1885. MR4515560
LE GAT, Y. (2014). Extending the Yule process to model recurrent pipe failures in water supply networks. Urban

Water J. 11 617–630.
LEE, S. Y. (2019). Document vectorization method using network information of words. PLoS ONE 14 e0219389.
LEE, Y. and OGBURN, E. L. (2021). Network dependence can lead to spurious associations and invalid inference.

J. Amer. Statist. Assoc. 116 1060–1074. MR4309250 https://doi.org/10.1080/01621459.2020.1782219
LI, T. and LE, C. M. (2024). Network estimation by mixing: Adaptivity and more. J. Amer. Statist. Assoc. 119

2190–2205. MR4797933 https://doi.org/10.1080/01621459.2023.2252137
LI, T., LEVINA, E. and ZHU, J. (2019). Prediction models for network-linked data. Ann. Appl. Stat. 13 132–164.

MR3937424 https://doi.org/10.1214/18-AOAS1205
LI, T., LEVINA, E. and ZHU, J. (2020). Network cross-validation by edge sampling. Biometrika 107 257–276.

MR4108931 https://doi.org/10.1093/biomet/asaa006
LI, T., LEVINA, E., ZHU, J. and LE, C. M. (2023). randnet: Random Network Model Estimation, Selection and

Parameter Tuning R package version 0.7.
LIU, X. and HUANG, K.-W. (2025). Controlling homophily in social network regression analysis by machine

learning. INFORMS J. Comput. 37 684–702. MR4923945
LUNDE, R., LEVINA, E. and ZHU, J. (2025). Conformal prediction for network-assisted regression. J. Amer.

Statist. Assoc. 120 1633–1644. MR4973885 https://doi.org/10.1080/01621459.2025.2506198
MA, Z., MA, Z. and YUAN, H. (2020). Universal latent space model fitting for large networks with edge covariates.

J. Mach. Learn. Res. 21 Paper No. 4, 67. MR4071187
MAO, X., CHAKRABARTI, D. and SARKAR, P. (2021). Consistent nonparametric methods for network assisted

covariate estimation. In International Conference on Machine Learning 7435–7446. PMLR.
MCCULLAGH, P. (2019). Generalized Linear Models. Routledge, London.
MICHELL, L. and PEARSON, M. (2000). Smoke rings: Social network analysis of friendship groups, smoking and

drug-taking. Drugs Educ. Prev. Policy 7 21–37.
MICHELL, L. and WEST, P. (1996). Peer pressure to smoke: The meaning depends on the method. Health Educ.

Res. 11 39–49.
MUKHERJEE, S., NIU, Z., HALDER, S., BHATTACHARYA, B. B. and MICHAILIDIS, G. (2021). High dimensional

logistic regression under network dependence. arXiv preprint. Available at arXiv:2110.03200.
NEWMAN, M. E. J. (2003). Mixing patterns in networks. Phys. Rev. E 67 026126, 13. MR1975193 https://doi.org/

10.1103/PhysRevE.67.026126
ONNELA, J.-P., SARAMÄKI, J., HYVÖNEN, J., SZABÓ, G., LAZER, D., KASKI, K., KERTÉSZ, J. and

BARABÁSI, A.-L. (2007). Structure and tie strengths in mobile communication networks. Proc. Natl. Acad.
Sci. USA 104 7332–7336.

ÖZGÜR, A., VU, T., ERKAN, G. and RADEV, D. R. (2008). Identifying gene-disease associations using centrality
on a literature mined gene-interaction network. Bioinformatics 24 i277–i285.

PALUCK, E. L., SHEPHERD, H. and ARONOW, P. M. (2016). Changing climates of conflict: A social network
experiment in 56 schools. Proc. Natl. Acad. Sci. USA 113 566–571.

PEROZZI, B., AL-RFOU, R. and SKIENA, S. (2014). Deepwalk: Online learning of social representations. In
Proceedings of the 20th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining
701–710.

PHAN, T. Q. and AIROLDI, E. M. (2015). A natural experiment of social network formation and dynamics. Proc.
Natl. Acad. Sci. USA 112 6595–6600.

https://arxiv.org/abs/2212.12041
https://mathscinet.ams.org/mathscinet-getitem?mr=4959800
https://doi.org/10.1214/25-AOS2506
https://mathscinet.ams.org/mathscinet-getitem?mr=0718088
https://doi.org/10.1016/0378-8733(83)90021-7
https://mathscinet.ams.org/mathscinet-getitem?mr=2788206
https://doi.org/10.1103/PhysRevE.83.016107
https://mathscinet.ams.org/mathscinet-getitem?mr=4422967
https://doi.org/10.1214/21-ejs1971
https://mathscinet.ams.org/mathscinet-getitem?mr=4515560
https://mathscinet.ams.org/mathscinet-getitem?mr=4309250
https://doi.org/10.1080/01621459.2020.1782219
https://mathscinet.ams.org/mathscinet-getitem?mr=4797933
https://doi.org/10.1080/01621459.2023.2252137
https://mathscinet.ams.org/mathscinet-getitem?mr=3937424
https://doi.org/10.1214/18-AOAS1205
https://mathscinet.ams.org/mathscinet-getitem?mr=4108931
https://doi.org/10.1093/biomet/asaa006
https://mathscinet.ams.org/mathscinet-getitem?mr=4923945
https://mathscinet.ams.org/mathscinet-getitem?mr=4973885
https://doi.org/10.1080/01621459.2025.2506198
https://mathscinet.ams.org/mathscinet-getitem?mr=4071187
https://arxiv.org/abs/2110.03200
https://mathscinet.ams.org/mathscinet-getitem?mr=1975193
https://doi.org/10.1103/PhysRevE.67.026126
https://doi.org/10.1103/PhysRevE.67.026126


POZEK, M., SIKIC, L., AFRIC, P., KURDIJA, A. S., VLADIMIR, K., DELAC, G. and SILIC, M. (2019). Perfor-
mance of common classifiers on node2vec network representations. In 2019 42nd International Convention
on Information and Communication Technology, Electronics and Microelectronics (MIPRO) 925–930. IEEE
Press, New York.

PRANATHI, K. S. and PRATHIBHAMOL, C. (2021). Node classification through graph embedding techniques.
In 2021 4th Biennial International Conference on Nascent Technologies in Engineering (ICNTE) 1–4. IEEE
Press, New York.

ROZEMBERCZKI, B., KISS, O. and SARKAR, R. (2020). Karate club: An API oriented open-source python frame-
work for unsupervised learning on graphs. In Proceedings of the 29th. ACM International Conference on
Information and Knowledge Management (CIKM ’20) 3125–3132. ACM, New York.

ROZEMBERCZKI, B. and SARKAR, R. (2018). Fast sequence-based embedding with diffusion graphs. In Complex
Networks IX: Proceedings of the 9th Conference on Complex Networks CompleNet 2018 9 99–107. Springer,
Berlin.

RUBIN-DELANCHY, P., CAPE, J., TANG, M. and PRIEBE, C. E. (2022). A statistical interpretation of spectral
embedding: The generalised random dot product graph. J. R. Stat. Soc. Ser. B. Stat. Methodol. 84 1446–1473.
MR4494166 https://doi.org/10.1111/rssb.12509

SCARSELLI, F., GORI, M., TSOI, A. C., HAGENBUCHNER, M. and MONFARDINI, G. (2008). The graph neural
network model. IEEE Trans. Neural Netw. 20 61–80.

SINCLAIR, B., MCCONNELL, M. and GREEN, D. P. (2012). Detecting spillover effects: Design and analysis of
multilevel experiments. Amer. J. Polit. Sci. 56 1055–1069.

SIT, T., YING, Z. and YU, Y. (2021). Event history analysis of dynamic networks. Biometrika 108 223–230.
MR4226200 https://doi.org/10.1093/biomet/asaa045

SU, L., LU, W., SONG, R. and HUANG, D. (2020). Testing and estimation of social network dependence with
time to event data. J. Amer. Statist. Assoc. 115 570–582. MR4107658 https://doi.org/10.1080/01621459.2019.
1617153

VAN DEN BOS, W., CRONE, E. A., MEUWESE, R. and GÜROĞLU, B. (2018). Social network cohesion in school
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MEASURING PUBLIC OPINION: “THE WASSERSTEIN BIPOLARIZATION
INDEX,” WITH APPLICATION TO CROSS-NATIONAL ATTITUDES

TOWARD MANDATORY VACCINATION FOR COVID-19

BY HANE LEEa AND MICHAEL E. SOBELb

Department of Statistics, Columbia University, ahane.lee@columbia.edu, bmes105@columbia.edu

The extent to which the American public is politically polarized is of
great interest in the lay and academic communities. To study opinion polar-
ization, political scientists and public opinion researchers examine the dis-
tribution of respondents on survey items, using visual comparison of his-
tograms and/or measures such as variances and bimodality coefficients. We
prove these measures fail to align with prevailing conceptualizations of polar-
ization put forth in the literature. To remedy this situation, we specify several
properties a measure of polarization consistent with these conceptualizations
should possess: in particular, it should increase as a distribution spreads away
from a center toward the poles and/or as clustering below or above this center
increases. We then propose a p-Wasserstein bipolarization index that satis-
fies these properties and measures the distance between the distribution of
an item and a most polarized distribution with all mass concentrated on the
lower and upper endpoints of the scale, using the index to examine bipolar-
ization in attitudes toward governmental COVID-19 vaccine mandates across
11 countries: the U.S. and U.K. are most polarized, China, France, and India
the least polarized, with Spain, Colombia, Italy, Brazil, Australia, and Canada
occupying an intermediate position.
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We consider the problem of estimating a high-dimensional covariance
matrix from a small number of observations when covariates on pairs of vari-
ables are available and the variables can have spatial structure. This is moti-
vated by the problem arising in demography of estimating the covariance ma-
trix of the total fertility rate (TFR) of 195 different countries when only 11 ob-
servations are available. We construct an estimator for high-dimensional co-
variance matrices by exploiting information about pairwise covariates, such
as whether pairs of variables belong to the same cluster, or spatial structure
of the variables, and interactions between the covariates. We reformulate the
problem in terms of a mixed effects model. This requires the estimation of
only a small number of parameters, which are easy to interpret and which can
be selected using standard procedures. The estimator is consistent under gen-
eral conditions, and asymptotically normal. It works if the mean and variance
structure of the data is already specified or if some of the data are missing.
Using simulations, we assess its performance under our model assumptions
as well as under model misspecification. We find that it outperforms several
popular alternatives. We apply it to the TFR dataset and draw some conclu-
sions.
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The Bradley–Terry model is widely used for the analysis of pairwise
comparison data and, in essence, produces a ranking of the items under
comparison. We embed the Bradley–Terry model within a stochastic block
model, allowing items to cluster. The resulting Bradley–Terry SBM (BT–
SBM) ranks clusters so that items within a cluster share the same tied rank.
We develop a fully Bayesian specification in which all quantities—the num-
ber of blocks, their strengths, and item assignments—are jointly learned via
a fast Gibbs sampler derived through a Thurstonian data augmentation. De-
spite its efficiency, the sampler yields coherent and interpretable posterior
summaries for all model components. Our motivating application analyses
men’s tennis results from ATP tournaments from the 2000 season up to the
2025 season. We find that the top 105 players can be broadly partitioned into
three or four tiers in most seasons. Moreover, the size of the strongest tier
was small from the mid-2000s to 2018. Between 2019 and 2022, we observe
a transition period characterised by a gradual widening of the top tier, while
in more recent seasons (2023–2025) the structure appears to revert to a more
elite configuration, coinciding with the rise of dominant players such as Car-
los Alcaraz and Jannik Sinner.
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