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SENSITIVITY ANALYSIS AND POWER IN THE PRESENCE OF MANY
WEAK INSTRUMENTS: APPLICATION TO THE EFFECT OF
INCARCERATION ON FUTURE EARNINGS

BY ASHKAN ERTEFAIE!"®), JESSE Y. HsU'-®, HARDING HARDING>®,
JEFFREY MORENOFF>9 AND DYLAN S. SMALL*¢

lDepartment of Biostatistics, Epidemiology and Informatics, University of Pennsylvania, 2 ertefaie @ pennmedicine.upenn.edu,
Y Jesse. Hsu @pennmedicine.upenn.edu
2Department of Sociology, University of California at Berkeley, dharding @ berkeley.edu
3Department of Sociology, University of Michigan, dmorenoﬁ’@ umich.edu
4Departmem‘ of Statistics, The Wharton School, University of Pennsylvania, ®dsmall @ wharton.upenn.edu

This article discusses a sensitivity analysis for an instrumental variable
(IV) estimate in the presence of many instruments that are weakly associated
with the endogenous variable. We study the effect of imprisonment on earn-
ings using data on individuals sentenced for felony in Michigan in the years
2003-2006. Motivated by the random assignment of judges to cases, we con-
struct a vector of instruments based on judges’ ID. Our data has two important
features that cannot be handled using standard IV approaches. First, while
some judges exhibit strong tendencies toward a prison or nonprison sentence,
many judges do not have strong tendencies toward a particular sentence type.
Second, our data includes only cases that result in sentencing, and thus the
standard analyses are subject to selection bias. We develop a sensitivity anal-
ysis procedure that is robust to the presence of many weak instruments and
quantifies the effect of the selection bias on the parameter of interest. A power
formula for the sensitivity analysis is also provided. Analyses show that being
sentenced to prison significantly reduces the offenders’ earnings. Our simula-
tion studies highlight the value of the proposed method in terms of statistical
power and also confirm the validity of our power formula.
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Estimation of heterogeneous treatment effects is an active area of re-
search. Most of the existing methods, however, focus on estimating the con-
ditional average treatment effects of a single, binary treatment given a set of
pretreatment covariates. In this paper we propose a method to estimate the
heterogeneous causal effects of high-dimensional treatments, which poses
unique challenges in terms of estimation and interpretation. The proposed
approach finds maximally heterogeneous groups and uses a Bayesian mix-
ture of regularized logistic regressions to identify groups of units who exhibit
similar patterns of treatment effects. By directly modeling group member-
ship with covariates, the proposed methodology allows one to explore the
unit characteristics that are associated with different patterns of treatment ef-
fects. Our motivating application is conjoint analysis, which is a popular type
of survey experiment in social science and marketing research and is based
on a high-dimensional factorial design. We apply the proposed methodology
to the conjoint data, where survey respondents are asked to select one of two
immigrant profiles with randomly selected attributes. We find that a group of
respondents with a relatively high degree of prejudice appears to discriminate
against immigrants from non-European countries, like Iraq. An open-source
software package is available for implementing the proposed methodology.
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The causal link between victimization and violence later in life is largely
accepted but has been understudied for victimized adolescents. In this work
we use the Add Health dataset, the largest nationally representative longitu-
dinal survey of adolescents, to estimate the relationship between victimiza-
tion and future offending in this population. To accomplish this, we derive a
new doubly robust estimator for the average treatment effect on the treated
(ATT) when the exposure and outcome are not always observed. We then
find that the offending rate among victimized individuals would have been
3.86 percentage points lower if none of them had been victimized (95% CI:
[0.28, 7.45]). This contributes positive evidence of a causal effect of victim-
ization on future offending among adolescents. We further present statistical
evidence of heterogeneous effects by age under which the ATT decreases ac-
cording to the age at which victimization is experienced. We then devise a
novel risk-ratio-based sensitivity analysis and conclude that our results are
robust to modest unmeasured confounding. Finally, we show that the found
effect is mainly driven by nonviolent offending.
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In clinical trials, covariate-adaptive randomization (CAR) procedures are
used to balance important covariates for more convincing results and en-
hanced statistical efficiency. Although most CAR procedures focus on tri-
als with 1:1 allocation ratio, the demand for unequal allocation is growing.
Therefore, this paper proposes a CAR framework that unifies numerous ex-
isting procedures and can balance general (discrete, continuous, or their com-
binations) covariates under any allocation ratio. To evaluate the proposed pro-
cedure, we classify covariates into randomized covariates and additional co-
variates, based on whether or not they are used in the randomization proce-
dure. The analysis indicates that our proposed procedure possesses superior
balancing properties for randomized covariates. Subsequently, we investigate
the impact of CAR procedures on additional covariates. When balancing only
discrete covariates, our results exhibit the benefit of CAR procedures in bal-
ancing additional covariates. However, the most intriguing finding is that, un-
der unequal allocation ratio, balancing continuous covariates will challenge
the balance of additional covariates, and we refer to this new issue as the
“shift problem.” To understand and remedy this issue, we perform a compre-
hensive analysis about when and why it occurs, followed by two practical
solutions to address the shift problem. The proposed CAR procedures are
shown to effectively balance covariates when applied to the data from a de-
pression trial.
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Many statistical methods examining associations and predictions of mi-
crobiome on health outcomes are distance-based, where several distance met-
rics are calculated to capture different aspects of microbiome and the “opti-
mal” one is selected for final association or prediction. Studies have sug-
gested that diverse forms of taxa are linked to health outcomes; that is, both
abundant taxa in close proximity and rare taxa far away on the phylogenetic
tree could be associated with or predictive of the same outcome. However,
existing prediction methods often utilize only one association form. Among
popular prediction models, random forest (RF) has been widely applied and
shown satisfactory performance. Here we introduce the reweighted-RF esti-
mate that reweights sample contributions based on their microbiome similari-
ties, and develop multiple reweighted-RF estimates by adopting different dis-
tance metrics to encompass various microbiome-outcome association forms.
These reweighted-RF estimates are then ensembled for final predictions using
multiple signal types. In simulation studies we demonstrated improved pre-
diction performance of the reweighted-RF estimate, with weights from the
distance metric capturing the true microbiome signal form, over that of the
original RF. The ensemble estimate also consistently outperforms the origi-
nal RF or performs as well as the best reweighted-RF estimate when there
exist multiple signal forms, where ensemble weights provide insights into the
contributing signal forms. We applied our method to predict the binary obe-
sity and irritable bowel syndrome and continuous body mass index and age,
using both gut and oral microbiome data from the American Gut Project, and
observed improved prediction results over those of competing methods.
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The microbiome has been found to have a close relationship with hu-
man health. Advancements in sequencing technologies have enabled in-depth
studies of microbial communities and their associations with various dis-
eases. When analyzing microbiome data, it is common to perform compo-
sitional scale normalization to ensure statistical validity. This requires special
treatment to address the unique characteristics of microbiome data. Further-
more, biomedical studies often involve repeated measurements of microbial
samples, which adds complexity to the data analysis. In this paper we focus
on a liver transplant microbiome study. The main objective is to investigate
the association between the colonization status of multidrug-resistant bacte-
ria (MDRB) and the longitudinal microbial abundance profile. To accomplish
this, we employ a regularized functional logistic regression model in our anal-
ysis. Specifically, we utilize the log-contrast model with a low-rank approx-
imation to handle the compositional covariates and nonconvex penalties to
select the important components in the covariate space. We propose an effi-
cient estimation algorithm and establish the oracle property of the estimator.
We name this new development as Functional Compositional data Quadratic
Method (FCQM). We demonstrate the promise of the proposed method with
extensive simulation studies and the liver transplant application.
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Transcriptome-wide association studies (TWAS) are powerful tools for
identifying gene-level associations by integrating genome-wide association
studies and gene expression data. However, most TWAS methods focus on
linear associations between genes and traits, ignoring the complex nonlinear
relationships that may be present in biological systems. To address this limi-
tation, we propose a novel framework, QTWAS, which integrates a quantile-
based gene expression model into the TWAS model, allowing for the dis-
covery of nonlinear and heterogeneous gene-trait associations. Via compre-
hensive simulations and applications to both continuous and binary traits,
we demonstrate that the proposed model is more powerful than conventional
TWAS in identifying gene-trait associations.
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To classify biological roles of different species in an ecological system,
modern studies collect longitudinal and compositional counts of DNA se-
quences of taxonomically diagnostic genetic markers to measure the abun-
dance of species over time. The major challenges of conducting this analysis
are twofold: how to accommodate the complex dependence in this data type
and how to model the longitudinal trajectories of the species’ abundances. In
this paper we propose a novel method named COMPARING to cluster longi-
tudinal profiles for compositional count data to address these challenges. In
COMPARING, generalized estimating equation is used to account for both
the compositional and longitudinal dependence structures, nonparametric B-
spline approximation is used to model the longitudinal curves, and a pairwise-
distance penalization is used to identify subgroups with similar longitudinal
patterns. We establish the convergence rate of the estimated curves and con-
clude that the true subgroups can be correctly identified with a high proba-
bility. We also conduct simulation studies to show the advantage of COM-
PARING over its competitors in clustering longitudinal trajectories from
compositional count data. Finally, we apply COMPARING to study the co-
existence of blood-borne parasites in African buffalo and demonstrate how
the method successfully detects biologically meaningful subgroups of para-
sites for competition-colonization trade-off.
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Quantitative measurements produced by mass spectrometry proteomics
experiments offer a direct way to explore the role of proteins in molecular
mechanisms. However, analysis of such data is challenging due to the large
proportion of missing values. A common strategy to address this issue is to
utilize an imputed dataset, which often introduces systematic bias into down-
stream analyses if the imputation errors are ignored. In this paper we propose
a statistical framework, inspired by doubly robust estimators, that offers valid
and efficient inference for proteomic data. Our framework combines pow-
erful machine learning tools, such as variational autoencoders, to augment
the imputation quality with high-dimensional peptide data, and a parametric
model to estimate the propensity score for debiasing imputed outcomes. Our
estimator is compatible with the double machine learning framework and has
provable properties. Simulation studies verify its empirical superiority over
other existing procedures. In application to both single-cell proteomic data
and bulk-cell Alzheimer’s disease data our method utilizes the imputed data
to gain additional, meaningful discoveries and yet maintains good control of
false positives.
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The advent of next-generation sequencing-based spatially resolved tran-
scriptomics (SRT) techniques has reshaped genomic studies by enabling
high-throughput gene expression profiling while preserving spatial con-
text. Nevertheless, inherent challenges associated with these new high-
dimensional spatial data (e.g., zero inflation) pose obstacles to effective clus-
tering, a fundamental problem in SRT data analysis. Current computational
approaches often rely on heuristic data preprocessing and arbitrary cluster
number specification, leading to information loss and, consequently, sub-
optimal downstream analysis. In response, we present BNPSpace, a novel
Bayesian nonparametric spatial clustering framework that directly models
SRT count data and automatically estimates the optimal number of spatial
domains. BNPSpace facilitates the partitioning of the heterogeneous spatial
domain while identifying a parsimonious set of discriminating genes among
spatial domains, enhancing the interpretability of the findings. Additionally, it
incorporates spatial information through a Markov random field prior model,
encouraging a biologically meaningful partition pattern. We assess the per-
formance of BNPSpace utilizing both simulated and real SRT data, demon-
strating each innovations above are essential for the accurate identification
of spatial domains. We also verified its scalability with large-scale SRT data.
In the application to the human dorsolateral prefrontal cortex (DLPFC) 10x
Visium data, comprising 4788 spots, BNPSpace outperforms existing meth-
ods by identifying more coherent spatial domain patterns. Furthermore, the
discriminating genes identified by BNPSpace showed significant enrichment
with odd ratio = 1.877 (p-value = 0.00162) in DLPFC gene sets validated
by real biological experiments, underscoring its effectiveness in revealing bi-
ologically relevant insights.
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The identification of genetic signal regions in the human genome is crit-
ical for understanding the genetic architecture of complex traits and dis-
eases. Numerous methods based on scan algorithms (i.e., QSCAN, SCANG,
SCANG-STAAR) have been developed to allow dynamic window sizes in
whole-genome association studies. Beyond scan algorithms, we have recently
developed the binary and research (BiRS) algorithm, which is more compu-
tationally efficient than scan-based methods and exhibits superior statistical
power. However, the BiRS algorithm is based on two-sample mean test for
binary traits, not accounting for multidimensional covariates or nonbinary
outcomes. In this work we propose a new maximal score test based on sum-
mary statistics computed from a generalized linear model, which accommo-
dates regression-based statistics and allows testing of both continuous and
binary outcomes. We then present a distributed version of the BiRS algo-
rithm (dBiRS) that incorporates this new test, enabling parallel computing of
blockwise results by aggregation through a central machine to ensure both
detection accuracy and computational efficiency, which has theoretical guar-
antees for controlling familywise error rates and false discovery rates while
maintaining the power advantages of the original algorithm. Applying dBiRS
to detect genetic regions associated with fluid intelligence and prospective
memory using whole-exome sequencing data from the UK Biobank, we val-
idate previous findings and identify numerous novel rare variants near newly
implicated genes. These discoveries offer valuable insights into the genetic
basis of cognitive performance and neurodegenerative disorders, highlight-
ing the potential of dBiRS as a scalable and powerful tool for whole-genome
signal region detection.
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Since Russia’s invasion of Ukraine, many countries have pledged to end
or restrict their oil and gas imports to curtail Moscow’s revenues and hinder
its war effort. Thus, the European ministers agreed to trigger a cap on the gas
price. To detect the importance of the price cap for gas, we provide a mixture
representation for the gas price to detect the presence of outliers made by a
truncated normal distribution and a uniform one. We focus our analysis on a
unique dataset of different commodity prices for Germany and Italy, which
are major Russian gas importers by exploiting the response of the different
commodities to a gas shock through a Bayesian vector autoregressive (VAR)
model. As a result, including a lower gas price cap smooths the impact of a
gas shock on electricity prices, while not considering a price cap will increase
exponentially this impact. Regarding the other commodities, gas shocks mat-
ter in the short and long run when a price cap is not considered.
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Environmental bioassays, such as sediment toxicity tests, provide a broad
survey of toxicity that is crucial for the conservation and protection of ma-
rine and estuarine ecosystems. Using odds, risk, and survival probability ra-
tios, this paper presents a critical evaluation of sediment toxicity tests data
collected in the New York—-New Jersey harbor area. It further derives spa-
tial regression analysis to combine test results, predict toxicity at unsampled
locations, and determine the effects of specific contaminants. The proposed
spatial analysis is based on non-Euclidean distances and is applicable to com-
plex sampling domains with nonconvex boundaries. The findings suggest that
current practices can be improved with the use of relevant statistical methods
with odds, risk, survival probability ratios, and attributable effects.
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Wildlife population surveys typically consist of multiple sampling occa-
sions, where individuals are followed over time, enabling estimation of pop-
ulation size and, in open populations, of entry and exit patterns. Batch-mark
(BM) surveys, where newly sampled individuals are given the same mark-
ing, often unique for each sampling occasion or each sampling period but not
for each individual, provide the only viable monitoring tool for many species
of amphibians, birds and fish. Modelling BM data for open populations has
proven more challenging than modelling data where individuals are uniquely
marked, and approaches proposed in the literature thus far rely on approxi-
mate inference or do not scale well with the number of individuals, and do not
readily extend to the joint modelling of different observation processes often
employed in practice. In this paper we propose a novel approach for mod-
elling BM data, by defining a bivariate grid for modelling the latent entry and
exit patterns, as well as population size. We employ the Bayesian nonpara-
metric Pélya Tree (PT) prior for defining a model on the grid cells, which
enables exact and highly efficient Bayesian inference on the number of indi-
viduals in each cell and hence of the population size and the entry/exit pattern.
Our approach scales with the number of sampling occasions, instead of the
number of individuals, and allows us to easily write the likelihood function
for BM data under different observation processes. We demonstrate our new
PT batch mark (PTBM) approach using extensive simulations and two case
studies, comparing its performance with two recently proposed approaches.
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We present a novel forecasting framework for lake water temperature,
which is crucial for managing lake ecosystems and drinking water resources.
The General Lake Model (GLM) has been previously used for this purpose,
but, similar to many process-based simulation models, it requires a large
number of inputs (many of which are stochastic), presents challenges for un-
certainty quantification (UQ), and can exhibit model bias. To address these
issues, we propose a Gaussian process (GP) surrogate-based forecasting ap-
proach that efficiently handles large, high-dimensional data and accounts for
input-dependent variability and systematic GLM bias. We validate the pro-
posed approach and compare it with other forecasting methods, including
a climatological model and raw GLM simulations. Our results demonstrate
that our bias-corrected GP surrogate (GPBC) can outperform competing ap-
proaches in terms of forecast accuracy and UQ up to two weeks into the
future.
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Processing domain-specific Chinese texts is one of the most challenging
tasks in natural language processing (NLP) due to the unique characteris-
tics of Chinese and specific challenges in processing domain-specific texts.
Existing NLP methods, based on supervised learning or large language mod-
els, often suffer from unstable performance in processing domain-specific
Chinese texts. In this study we propose a novel statistical approach called
TopWORDS-MEPA (Abbreviated as TWM) that can achieve high-quality
meta-pattern discovery, named entity recognition, text segmentation, and
relation extraction simultaneously from unannotated target texts with little
training information. Simulation studies and real data applications confirm
that TopWORDS-MEPA is a powerful alternative of existing NLP methods
for processing domain-specific Chinese texts that enjoys competitive perfor-
mance, transparent interpretation, low training and computing costs, and ef-
ficient utilization of domain knowledge for processing domain-specific Chi-
nese texts.
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Prediction of time-to-event data often suffers from rare event rates, small
sample sizes, high dimensionality, and low signal-to-noise ratios. Incorporat-
ing published prediction models from external large-scale studies is expected
to improve the performance of prognosis prediction from internal individual-
level data. However, existing integration approaches typically assume that the
underlying distributions of the external and internal data sources are similar,
which is often invalid. To account for challenges, including heterogeneity,
data sharing, and privacy constraints, we propose a failure time integration
procedure, which utilizes a discrete hazard-based Kullback—Leibler discrim-
inatory information measuring the discrepancy between the external mod-
els and the internal dataset. The asymptotic properties and simulation results
show the advantage of the proposed method compared to those solely based
on internal data. We apply the proposed method to improve prediction per-
formance on a kidney transplant dataset from a local hospital by integrating
this small-sized dataset with a published survival model obtained from the
national transplant registry.
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Predictive risk scores for adverse outcomes are increasingly crucial in
guiding health interventions. Such scores may need to be periodically up-
dated due to change in the distributions they model. However, directly updat-
ing risk scores used to guide intervention can lead to biased risk estimates.
To address this, we propose updating using a “holdout set”, a subset of the
population that does not receive interventions guided by the risk score. Bal-
ancing the holdout set size is essential to ensure good performance of the up-
dated risk score while minimising the number of held out samples. We prove
that this approach reduces adverse outcome frequency to an asymptotically
optimal level and argue that often there is no competitive alternative. We de-
scribe conditions under which an optimal holdout size (OHS) can be readily
identified and introduce parametric and semiparametric algorithms for OHS
estimation. We apply our methods to the ASPRE risk score for pre-eclampsia
to recommend a plan for updating it in the presence of change in the under-
lying data distribution. We show that, in order to minimise the number of
pre-eclampsia cases over time, this is best achieved using a holdout set of
around 10,000 individuals.
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Verbal autopsy (VA) algorithms are routinely used to determine
individual-level causes of death (COD) in many low- and-middle-income
countries. The individual CODs are then aggregated to derive population-
level cause-specific mortality fractions (CSMF), which are essential to in-
forming public health policies. However, VA algorithms frequently misclas-
sifty COD and introduce bias in CSMF estimates. A recent method, VA-
calibration, can correct for this bias using a VA misclassification rate ma-
trix estimated from paired data on COD from both VA and minimally inva-
sive tissue sampling (MITS) from the Child Health and Mortality Prevention
Surveillance (CHAMPS) Network. Due to the limited sample size, CHAMPS
data are pooled across all countries, implicitly assuming that the misclassifi-
cation rates are homogeneous.

In this research we show that the VA misclassification matrices are sub-
stantially heterogeneous across countries, thereby biasing the VA-calibration.
We develop a coherent framework for modeling country-specific VA mis-
classification matrices in data-scarce settings. We first introduce a novel
base model to parsimoniously characterize misclassifications via two latent
mechanisms—intrinsic accuracy and systematic preference. We prove that
these mechanisms are identifiable from the data and manifest as a form of in-
variance in certain misclassification odds, a pattern evident in the CHAMPS
data. Then we expand from this base model, adding higher complexity and
country-specific heterogeneity via interpretable effect sizes. Shrinkage priors
balance the bias-variance trade-off by adaptively favoring simpler models.
We publish uncertainty-quantified estimates of VA misclassification rates for
six countries. This effort broadens VA-calibration’s future applicability and
strengthens ongoing efforts of using VA for mortality surveillance.

REFERENCES

ADAIR, T. and LOPEZ, A. D. (2018). Estimating the completeness of death registration: An empirical method.
PLoS ONE 13 1-19. https://doi.org/10.1371/journal.pone.0197047

BASSAT, Q., CASTILLO, P., MARTINEZ, M. J., JORDAO, D., LOVANE, L., HURTADO, J. C., NHAMPOSSA, T,
SANTOS RITCHIE, P., BANDEIRA, S. et al. (2017). Validity of a minimally invasive autopsy tool for cause of
death determination in pediatric deaths in Mozambique: An observational study. PLoS Med. 14 e1002317.

BEESLEY, L. J. and MUKHERJEE, B. (2022). Statistical inference for association studies using electronic health
records: Handling both selection bias and outcome misclassification. Biometrics 78 214-226. MR4408582
https://doi.org/10.1111/biom.13400

BLAU, D. M., CANEER, J. P., PHILIPSBORN, R. P., MADHI, S. A., BASSAT, Q., VARO, R., MANDOMANDO, 1.,
IGUNzA, K. A., KOTLOFF, K. L. et al. (2019). Overview and development of the child health and mortality
prevention surveillance determination of cause of death (DeCoDe) process and DeCoDe diagnosis standards.
Clin. Infect. Dis. 69 S333-S341.

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

Key words and phrases. Bayesian, hierarchical modeling, verbal autopsy, minimally invasive tissue sampling,
global health.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS2006
https://www.imstat.org
mailto:spraman4@jhmi.edu
mailto:sz@jhu.edu
mailto:abhidatta@jhu.edu
mailto:bvv1@cdc.gov
https://doi.org/10.1371/journal.pone.0197047
https://mathscinet.ams.org/mathscinet-getitem?mr=4408582
https://doi.org/10.1111/biom.13400

Byass, P, CHANDRAMOHAN, D., CLARK, S. J., D’AMBRUOSO, L., FOTTRELL, E., GRAHAM, W. J,,
HERBST, A. J., HODGSON, A., HOUNTON, S. et al. (2012). Strengthening standardised interpretation of ver-
bal autopsy data: The new InterVA-4 tool. Glob. Health Action 5 19281. PMID: 28140847. https://doi.org/10.
3402/gha.v5i0.19281

CARSHON-MARSH, R., AIMONE, A., ANSUMANA, R., SWARAY, 1. B., ASSALIF, A., MUSA, A., MEH, C.,
SMART, F, Fu, S. H. et al. (2022). Child, maternal, and adult mortality in Sierra Leone: Nationally repre-
sentative mortality survey 2018-20. Lancet Glob. Health 10 e114—e123.

CARVALHO, C. M., PoLSON, N. G. and SCOTT, J. G. (2010). The horseshoe estimator for sparse signals.
Biometrika 97 465-480. MR2650751 https://doi.org/10.1093/biomet/asq017

CHRISTIANSEN, C. L. and MORRIS, C. N. (1997). Hierarchical Poisson regression modeling. J. Amer. Statist.
Assoc. 92 618-632. MR1467853 https://doi.org/10.2307/2965709

CLARK, S.J., L1, Z. and MCCORMICK, T. H. (2018). Quantifying the contributions of training data and algorithm
logic to the performance of automated cause-assignment algorithms for verbal autopsy. arXiv preprint arXiv:
1803.07141.

CORTES, C. and VAPNIK, V. (1995). Support-vector networks. Mach. Learn. 20 273-297.

DANIELS, M. J. (1999). A prior for the variance in hierarchical models. Canad. J. Statist. 27 567-578.
MR1745822 https://doi.org/10.2307/3316112

DATTA, A., FIKSEL, J., AMOUZOU, A. and ZEGER, S. L. (2021). Regularized Bayesian transfer learning
for population-level etiological distributions. Biostatistics 22 836-857. MR4325730 https://doi.org/10.1093/
biostatistics/kxaa001

DE SAVIGNY, D., RILEY, ., CHANDRAMOHAN, D., ODHIAMBO, F., NICHOLS, E., NOTZON, S., ABOUZAHR, C.,
MITRA, R., COBOS MURNOZ, D. et al. (2017). Integrating community-based verbal autopsy into civil registra-
tion and vital statistics (CRVS): System-level considerations. Glob. Health Action 10 1272882.

FIKSEL, J., DATTA, A., AMOUZOU, A. and ZEGER, S. (2022). Generalized Bayes quantification learning under
dataset shift. J. Amer. Statist. Assoc. 117 2163-2181. MR4528496 https://doi.org/10.1080/01621459.2021.
1909599

FIKSEL, J., GILBERT, B., WILSON, E., KALTER, H., KANTE, A., AKUM, A., BLAU, D., BASSAT, Q., MACI-
CAME, L. et al. (2023). Correcting for verbal autopsy misclassification bias in cause-specific mortality esti-
mates. Am. J. Trop. Med. Hyg. 108 66—77. https://doi.org/10.4269/ajtmh.22-0318

FLAXMAN, A. D., VAHDATPOUR, A., GREEN, S., JAMES, S. L. and MURRAY, C. J. (2011). Random forests for
verbal autopsy analysis: Multisite validation study using clinical diagnostic gold standards. Popul. Health Metr.
9 29. https://doi.org/10.1186/1478-7954-9-29

GARENNE, M. (2014). Prospects for automated diagnosis of verbal autopsies. BMC Med. 12 1-5.

GILBERT, B., FIKSEL, J., WILSON, E., KALTER, H., KANTE, A., AKUM, A., BLAU, D., BASSAT, Q., MACI-
CAME, L. et al. (2023). Multi-cause calibration of verbal autopsy—based cause-specific mortality estimates of
children and neonates in Mozambique. Am. J. Trop. Med. Hyg. 108 78-89. https://doi.org/10.4269/ajtmh.22-
0319

GNEITING, T. and RAFTERY, A. E. (2007). Strictly proper scoring rules, prediction, and estimation. J. Amer.
Statist. Assoc. 102 359-378. MR2345548 https://doi.org/10.1198/016214506000001437

GUSTAFSON, P. (2004). Measurement Error and Misclassification in Statistics and Epidemiology: Impacts and
Bayesian Adjustments. Interdisciplinary Statistics. CRC Press/CRC, Boca Raton, FL. MR2005104

HOOTEN, M. B., JOHNSON, D. S. and BROST, B. M. (2021). Making recursive Bayesian inference accessible.
Amer. Statist. 75 185-194. MR4256123 https://doi.org/10.1080/00031305.2019.1665584

JAMES, S. L., FLAXMAN, A. D. and MURRAY, C. J. (2011). Performance of the tariff method: Validation of a
simple additive algorithm for analysis of verbal autopsies. Popul. Health Metr. 9 31. https://doi.org/10.1186/
1478-7954-9-31

KALTER, H. D., ROUBANATOU, A.-M., KOFFI, A. and BLACK, R. E. (2015). Direct estimates of national neonatal
and child cause-specific mortality proportions in Niger by expert algorithm and physician-coded analysis of
verbal autopsy interviews. J. Glob. Health 5 010415. https://doi.org/10.7189/jogh.05.010415

KING, G. and Lu, Y. (2008). Verbal autopsy methods with multiple causes of death. Statist. Sci. 23 78-91.
MR2523943 https://doi.org/10.1214/07-STS247

KOOPMAN, B., KARIMI, S., NGUYEN, A., MCGUIRE, R., MUSCATELLO, D., KEMP, M., TRURAN, D.,
ZHANG, M. and THACKWAY, S. (2015). Automatic classification of diseases from free-text death certificates
for real-time surveillance. BMC Med. Inform. Decis. Mak. 15 53. https://doi.org/10.1186/s12911-015-0174-2

L1, Z. R., THOMAS, J., CHOL, E., MCCORMICK, T. H. and CLARK, S. J. (2023). The openVA toolkit for verbal
autopsies. R J..

L1, Z. R., THOMAS, J., MCCORMICK, T. H. and CLARK, S. J. (2024a). OpenVA: Automated method for verbal
autopsy. R package version 1.1.2.


https://doi.org/10.3402/gha.v5i0.19281
https://doi.org/10.3402/gha.v5i0.19281
https://mathscinet.ams.org/mathscinet-getitem?mr=2650751
https://doi.org/10.1093/biomet/asq017
https://mathscinet.ams.org/mathscinet-getitem?mr=1467853
https://doi.org/10.2307/2965709
https://arxiv.org/abs/1803.07141
https://arxiv.org/abs/1803.07141
https://mathscinet.ams.org/mathscinet-getitem?mr=1745822
https://doi.org/10.2307/3316112
https://mathscinet.ams.org/mathscinet-getitem?mr=4325730
https://doi.org/10.1093/biostatistics/kxaa001
https://doi.org/10.1093/biostatistics/kxaa001
https://mathscinet.ams.org/mathscinet-getitem?mr=4528496
https://doi.org/10.1080/01621459.2021.1909599
https://doi.org/10.1080/01621459.2021.1909599
https://doi.org/10.4269/ajtmh.22-0318
https://doi.org/10.1186/1478-7954-9-29
https://doi.org/10.4269/ajtmh.22-0319
https://doi.org/10.4269/ajtmh.22-0319
https://mathscinet.ams.org/mathscinet-getitem?mr=2345548
https://doi.org/10.1198/016214506000001437
https://mathscinet.ams.org/mathscinet-getitem?mr=2005104
https://mathscinet.ams.org/mathscinet-getitem?mr=4256123
https://doi.org/10.1080/00031305.2019.1665584
https://doi.org/10.1186/1478-7954-9-31
https://doi.org/10.1186/1478-7954-9-31
https://doi.org/10.7189/jogh.05.010415
https://mathscinet.ams.org/mathscinet-getitem?mr=2523943
https://doi.org/10.1214/07-STS247
https://doi.org/10.1186/s12911-015-0174-2

L1, Z.R., WU, Z., CHEN, L. and CLARK, S. J. (2024b). Bayesian nested latent class models for cause-of-death as-
signment using verbal autopsies across multiple domains. Ann. Appl. Stat. 18 1137-1159. MR4728659 https://
doi.org/10.1214/23-a0as1826

MACICAME, 1., KANTE, A., WILSON, E. et al. (2023). Countrywide mortality surveillance for action in Mozam-
bique: Results from a national sample-based vital statistics system for mortality and cause of death. Am. J.
Trop. Med. Hyg. 108 5-16. https://doi.org/10.4269/ajtmh.22-0367

McCorMICK, T. H., L1, Z. R., CALVERT, C., CRAMPIN, A. C., KAHN, K. and CLARK, S. J. (2016). Probabilistic
cause-of-death assignment using verbal autopsies. J. Amer. Statist. Assoc. 111 1036-1049. MR3561927 https://
doi.org/10.1080/01621459.2016.1152191

MENENDEZ, C., CASTILLO, P., MARTINEZ, M. J., JORDAO, D., LOVANE, L., ISMAIL, M. R., CARRILHO, C.,
LORENZONI, C., FERNANDES, F. et al. (2017). Validity of a minimally invasive autopsy for cause of death de-
termination in stillborn babies and neonates in Mozambique: An observational study. PLoS Med. 14 ¢1002318.

MIASNIKOF, P., GIANNAKEAS, V., GOMES, M., ALEKSANDROWICZ, L., SHESTOPALOFF, A. Y., ALAM, D.,
TOLLMAN, S., SAMARIKHALAIJ, A. and JHA, P. (2015). Naive Bayes classifiers for verbal autopsies: Compar-
ison to physician-based classification for 21,000 child and adult deaths. BMC Med. 13 286. https://doi.org/10.
1186/s12916-015-0521-2

MIKKELSEN, L., PHILLIPS, D. E., ABOUZAHR, C., SETEL, P. W., DE SAVIGNY, D., LozANO, R. and
LoPEZ, A. D. (2015). A global assessment of civil registration and vital statistics systems: Monitoring data
quality and progress. Lancet 386 1395-1406.

MINSKY, M. (1961). Steps toward artificial intelligence. Proc. IRE 49 8-30. MR0134428

NICHOLS, E. K., BYASS, P., CHANDRAMOHAN, D., CLARK, S. J., FLAXMAN, A. D., JAKOB, R., LEITAO, ],
MAIRE, N., RAO, C. et al. (2018). The WHO 2016 verbal autopsy instrument: An international standard
suitable for automated analysis by InterVA, InSilicoVA, and Tariff 2.0. PLoS Med. 15 1-9. https://doi.org/10.
1371/journal.pmed.1002486

PERIN, J., MULICK, A., YEUNG, D., VILLAVICENCIO, F, LOPEZ, G., STRONG, K. L., PRIETO-MERINO, D.,
COUSENS, S., BLACK, R. E. et al. (2022). Global, regional, and national causes of under-5 mortality in
2000-19: An updated systematic analysis with implications for the sustainable development goals. Lancet
Child Adolesc. Health 6 106—115.

POLSON, N. G. and SCOTT, J. G. (2011). Shrink globally, act locally: Sparse Bayesian regularization and predic-
tion. In Bayesian Statistics 9 501-538. Oxford Univ. Press, Oxford. With discussions by Bertrand Clark, C.
Severinski, Merlise A. Clyde, Robert L. Wolpert, Jim E. Griffin, Philiip J. Brown, Chris Hans, Luis R. Per-
icchi, Christian P. Robert and Julyan Arbel. MR3204017 https://doi.org/10.1093/acprof:0s0/9780199694587.
003.0017

PRAMANIK, S., ZEGER, S., BLAU, D. and DATTA, A. (2025). Supplement to “Modeling structure and country-
specific heterogeneity in misclassification matrices of verbal autopsy-based cause of death classifiers.” https://
doi.org/10.1214/24-AOAS2006SUPPA, https://doi.org/10.1214/24-A0OAS2006SUPPB

SALZBERG, N. T., SIVALOGAN, K., BASSAT, Q., TAYLOR, A. W., ADEDINI, S., EL ARIFEEN, S., ASSEFA, N.,
BLAU, D. M., CHAWANA, R. et al. (2019). Mortality surveillance methods to identify and characterize deaths
in child health and mortality prevention surveillance network sites. Clin. Infect. Dis. 69 S262-S273. https://
doi.org/10.1093/cid/ciz599

SETEL, P. W., SANKOH, O., RAO, C., VELKOFF, V. A., MATHERS, C., GONGHUAN, Y., HEMED, Y., JHA, P.
and LOPEZ, A. D. (2005). Sample registration of vital events with verbal autopsy: A renewed commitment to
measuring and monitoring vital statistics. Bull. World Health Organ. 83 611-617.

SINNOTT, J. A., DAL, W., Lia0o, K. P., SHAW, S. Y., ANANTHAKRISHNAN, A. N., GAINER, V. S., KARL-
SON, E. W., CHURCHILL, S., SZOLOVITS, P. et al. (2014). Improving the power of genetic association tests
with imperfect phenotype derived from electronic medical records. Hum. Genet. 133 1369-1382.

SOLEMAN, N., CHANDRAMOHAN, D. and SHIBUYA, K. (2006). Verbal autopsy: Current practices and challenges.
Bull. World Health Organ. 84 239-245. https://doi.org/10.2471/b1t.05.027003

STRAWDERMAN, W. E. (1971). Proper Bayes minimax estimators of the multivariate normal mean. Ann. Math.
Statist. 42 385-388. MR0397939 https://doi.org/10.1214/a0ms/1177693528

TAYLOR, L., KAPLAN, A. and BETANCOURT, B. (2023). Generative filtering for recursive Bayesian inference with
streaming data. arXiv preprint arXiv:2309.14271.

WANG, B., YAO, Y., VISWANATH, B., ZHENG, H. and ZHAO, B. Y. (2018). With great training comes great vul-
nerability: Practical attacks against transfer learning. In 27th USENIX Security Symposium (USENIX Security
18) 1281-1297. USENIX Association, Baltimore, MD.

WANG, H., ABAJOBIR, A. A., ABATE, K. H., ABBAFATI, C., ABBAS, K. M., ABD-ALLAH, F,, ABERA, S. F,,
ABRAHA, H. N., ABU-RADDAD, L. J. et al. (2017). Global, regional, and national under-5 mortality, adult
mortality, age-specific mortality, and life expectancy, 1970-2016: A systematic analysis for the global burden
of disease study 2016. Lancet 390 1084—1150.


https://mathscinet.ams.org/mathscinet-getitem?mr=4728659
https://doi.org/10.1214/23-aoas1826
https://doi.org/10.1214/23-aoas1826
https://doi.org/10.4269/ajtmh.22-0367
https://mathscinet.ams.org/mathscinet-getitem?mr=3561927
https://doi.org/10.1080/01621459.2016.1152191
https://doi.org/10.1080/01621459.2016.1152191
https://doi.org/10.1186/s12916-015-0521-2
https://doi.org/10.1186/s12916-015-0521-2
https://mathscinet.ams.org/mathscinet-getitem?mr=0134428
https://doi.org/10.1371/journal.pmed.1002486
https://doi.org/10.1371/journal.pmed.1002486
https://mathscinet.ams.org/mathscinet-getitem?mr=3204017
https://doi.org/10.1093/acprof:oso/9780199694587.003.0017
https://doi.org/10.1093/acprof:oso/9780199694587.003.0017
https://doi.org/10.1214/24-AOAS2006SUPPA
https://doi.org/10.1214/24-AOAS2006SUPPA
https://doi.org/10.1214/24-AOAS2006SUPPB
https://doi.org/10.1093/cid/ciz599
https://doi.org/10.1093/cid/ciz599
https://doi.org/10.2471/blt.05.027003
https://mathscinet.ams.org/mathscinet-getitem?mr=0397939
https://doi.org/10.1214/aoms/1177693528
https://arxiv.org/abs/2309.14271

Wu, Z., L1, Z. R., CHEN, L. and L1, M. (2024). Tree-informed Bayesian multi-source domain adaptation:
Cross-population probabilistic cause-of-death assignment using verbal autopsy. Biostatistics 25 1233-1253.
MR4808883 https://doi.org/10.1093/biostatistics/kxae005

YANG, Y. and DUNSON, D. B. (2013). Sequential Markov chain Monte Carlo. arXiv preprint arXiv:1308.3861.

Y1, G. Y. (2017). Statistical Analysis with Measurement Error or Misclassification: Strategy, Method and Applica-
tion. Springer Series in Statistics. Springer, New York. With a foreword by Raymond J. Carroll. MR3676914
https://doi.org/10.1007/978-1-4939-6640-0

ZHUANG, F, Q1, Z., DUAN, K., X1, D., ZHU, Y., ZHU, H., XIONG, H. and HE, Q. (2021). A comprehensive survey
on transfer learning. Proc. IEEE 109 43-76. https://doi.org/10.1109/JPROC.2020.3004555


https://mathscinet.ams.org/mathscinet-getitem?mr=4808883
https://doi.org/10.1093/biostatistics/kxae005
https://arxiv.org/abs/1308.3861
https://mathscinet.ams.org/mathscinet-getitem?mr=3676914
https://doi.org/10.1007/978-1-4939-6640-0
https://doi.org/10.1109/JPROC.2020.3004555

The Annals of Applied Statistics

2025, Vol. 19, No. 2, 1240-1269
https://doi.org/10.1214/24-A0AS2009

© Institute of Mathematical Statistics, 2025

A PRIVACY-PRESERVED AND HIGH-UTILITY SYNTHESIS STRATEGY
FOR RISK-BASED STRATIFIED SUBGROUPS OF THE CANADIAN
SCLERODERMA PATIENT REGISTRY DATA

BY BEI JIANG!2®, ADRIAN E. RAFTERY??, RUSSELL J. STEELE®>¢ AND
NAISYIN WANGHd

lDepartment of Mathematical and Statistical Sciences, University of Alberta, *beil @ualberta.ca
2Department of Statistics and Department of Sociology, University of Washington, braftery@uw. edu
3Deparl,‘mem‘ of Mathematics and Statistics, McGill University, Crussell.steele@mcgill.ca

4Department of Statistics, University of Michigan, dnwangaa@umich. edu

Responsible data sharing anchors research reproducibility and promotes
the integrity of scientific research. Motivated by Canadian Scleroderma Re-
search Group (CSRG) patient registry data, we present a risk-based method
to produce privacy-preserved and high-utility synthetic datasets, which also
simultaneously imputes missing data of mixed continuous and categorical
types in the original dataset. This method divides all individuals into different
subgroups, based on their reidentification risks, and provides tailored synthe-
sis strategies targeted for each risk subgroup, through the associated tuning
mechanisms. Under our setting, our risk-based method reduced the number
of patients at risk from 198 to four, among the 691 CSRG patients who have
no missing values in any of the quasi-identifying variables, while preserving
all correct inferential conclusions in the target analysis. The 95% confidence
intervals (CIs) have 92.6% overlap, on average, with the CIs constructed us-
ing the unperturbed imputation-completed datasets. These findings suggest
that our risk-based method makes it possible to release complete synthetic
datasets for research reproducibility while ensuring that the reidentification
risks are acceptably low. In contrast, the existing one-size-fits-all synthesis
strategies that do not take account of different risk levels can lead to unnec-
essary information loss and possibly incorrect scientific conclusions.
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Sepsis is a life-threatening condition affecting millions of individuals
in the U.S. each year. The complexity of sepsis clinical management makes
individualized treatment approaches desirable. The University of Pittsburgh
Medical Center (UPMC) has collected electronic health records data of sepsis
patients from multiple hospitals. The goal of this study is to derive individu-
alized decision rules (IDRs) that could be safely applied to and uniformly im-
prove decision-making across hospitals in the UPMC Health System by only
using a subset of hospitals for training. Traditional approaches assume that
data are sampled from a single population of interest. With multiple hospitals
that vary in patient populations, treatments, and provider teams, an IDR that
is successful in one hospital may not be as effective in another, and the perfor-
mance achieved by a globally optimal IDR may vary greatly across hospitals,
preventing it from being safely applied to unseen hospitals. To address these
challenges as well as the practical restriction of data sharing across hospitals,
we introduce a new objective function and a federated learning algorithm
for learning IDRs that are robust to distributional uncertainty from heteroge-
neous data. The proposed framework uses a conditional maximin objective
to enhance individual outcomes across hospitals, ensuring robustness against
hospital-level variations. Compared to the traditional approach, the proposed
method enhances the survival rate by 10 percentage points among patients
who may experience extreme adverse outcomes across hospitals. Addition-
ally, it increases the overall survival rate by two to three percentage points
when the learned IDR is applied to unseen hospital populations.
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The ultra-widefield (UWF) fundus image is an attractive 3D biomarker in
Al-aided myopia screening because it provides much richer myopia-related
information. Though axial length (AL) has been acknowledged to be highly
related to the two key targets of myopia screening, spherical equivalence (SE)
measurement and high myopia diagnosis, its prediction based on the UWF
fundus image is rarely considered. To save the high expense and time costs of
measuring SE and AL, we propose the Copula-enhanced Convolutional Neu-
ral Network (CeCNN), a one-stop UWF-based ophthalmic Al framework to
jointly predict SE, AL, and myopia status. The CeCNN formulates a mul-
tiresponse regression that relates multiple dependent discrete-continuous re-
sponses and the image covariate, where the nonlinearity of the association is
modeled by a backbone CNN. To thoroughly describe the dependence struc-
ture among the responses, we model and incorporate the conditional depen-
dence among responses in a CNN through a new copula-likelihood loss. We
provide statistical interpretations of the conditional dependence among re-
sponses and reveal that such dependence is beyond the dependence explained
by the image covariate. We heuristically justify that the proposed loss can
enhance the estimation efficiency of the CNN weights. We apply the CeCNN
to the UWF dataset collected by us and demonstrate that the CeCNN sharply
enhances the predictive capability of various backbone CNNs. Our study sup-
ports the ophthalmology view that, besides SE, AL is an important measure
of myopia.
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Semicontinuous data frequently arise in clinical practice. For example,
while many surgical patients still suffer from varying degrees of acute postop-
erative pain (POP) sometime after surgery (i.e., POP score > 0), others expe-
rience none (i.e., POP score = 0), indicating the existence of two distinct data
processes at play. Existing parametric or semiparametric two-part modeling
methods for this type of semicontinuous data can fail to appropriately model
the two underlying data processes, as such methods rely heavily on (gener-
alized) linear additive assumptions. However, many factors may interact to
jointly influence the experience of POP nonadditively and nonlinearly. Moti-
vated by this challenge and inspired by the flexibility of deep neural networks
(DNN) to accurately approximate complex functions universally, we derive a
DNN-based two-part model by adapting the conventional DNN methods with
two additional components: a bootstrapping procedure along with a filtering
algorithm to boost the stability of the conventional DNN, an approach we
denote as sDNN. To improve the interpretability and transparency of SDNN,
we further derive a feature importance testing procedure to identify important
features associated with the outcome measurements of the two data processes,
denoting this approach fsSDNN. We show that fsSDNN not only offers a sta-
tistical inference procedure for each feature under complex association but
also that using the identified features can further improve the predictive per-
formance of sSDNN. The proposed sDNN- and fsDNN-based two-part models
are applied to the analysis of real data from a POP study in which application
they clearly demonstrate advantages over the existing parametric and semi-
parametric two-part models. Further, we conduct extensive numerical studies
and draw comparisons with other machine learning methods to demonstrate
that SDNN and fsDNN consistently outperform the existing two-part models
and frequently used machine learning methods regardless of the data com-
plexity. An R package implementing the proposed methods has been devel-
oped and is available in the Supplementary Material (Zou et al., (2025)) and
is also deposited on GitHub (https://github.com/BZou-lab/fsDNN).
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BAYESIAN DATA AUGMENTATION FOR RECURRENT EVENTS UNDER
INTERMITTENT ASSESSMENT IN OVERLAPPING INTERVALS WITH
APPLICATIONS TO EMR DATA

BY XIN L1U* AND PATRICK M. SCHNELLP

Division of Biostatistics, College of Public Health, The Ohio State University, ®liu.7302 @osu.edu, bschnell.31@osu.edu

Electronic medical records (EMR) data contain rich information that can
facilitate health-related studies but is collected primarily for purposes other
than research. For recurrent events, EMR data often do not record event times
or counts but only contain intermittently assessed and censored observations
(i.e., upper and/or lower bounds for counts in a time interval) at uncontrolled
times. This can result in noncontiguous or overlapping assessment intervals
with censored event counts. Existing methods for analyzing intermittently
assessed recurrent events assume disjoint assessment intervals with known
counts (interval count data) due to a focus on prospective studies with con-
trolled assessment times. We propose a Bayesian data augmentation method
to analyze the complicated assessments in EMR data for recurrent events.
Within a Gibbs sampler, event times are imputed by generating sets of event
times from nonhomogeneous Poisson processes and rejecting proposed sets
that are incompatible with constraints imposed by assessment data. Based
on the independent increments property of Poisson processes, we implement
three techniques to speed up this rejection sampling imputation method for
large EMR datasets: independent sampling by partitioning, truncated gener-
ation, and sequential sampling. In a simulation study, we show our method
accurately estimates parameters of log-linear Poisson process intensities. Al-
though the proposed method can be applied generally to EMR data of recur-
rent events, our study is specifically motivated by identifying risk factors for
falls due to cancer treatment and its supportive medications. We used the pro-
posed method to analyze an EMR dataset comprising 5501 patients treated
for breast cancer. Our analysis provides evidence supporting associations be-
tween certain risk factors (including classes of medications) and risk of falls.
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The development of an appropriate statistical modelling strategy is of
paramount importance for the successful analysis of data. The trade-off be-
tween flexibility and parsimony is of vital importance in statistical modelling.
In the context of clustered data analysis, it is essential to account for the in-
herent heterogeneity between clusters while simultaneously ensuring parsi-
mony to mitigate the potential for complexity and to preserve the homogene-
ity within clusters. The objective of this paper is to propose a flexible and par-
simonious modelling strategy for clustered data analysis. The strategy strikes
an optimal balance between flexibility and parsimony, effectively account-
ing for both heterogeneity and homogeneity among the clusters, which often
possess significant practical implications. In particular, we apply this mod-
elling strategy to analyse data related to the spread of COVID-19 in China,
examining how factors such as human mobility and temperature can capture
dynamic and nonlinear patterns in the data. We develop an estimation pro-
cedure for the unknown parameters, establish the asymptotic properties of
the estimators, and conduct simulation studies to evaluate the performance of
our method. Additionally, the real data analysis illustrates the practical ap-
plication of our approach in understanding regional differences in epidemic
spread, with implications for public health policy. This flexible framework
also offers insights for transfer learning scenarios beyond clustered data anal-
ysis.
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Ever since its outbreak, COVID-19 has been rapidly spreading around
the world and has become a significant threat to public health. Past experi-
ence has shown that, because of the incubation period, the contemporane-
ous population flow does not affect the contemporaneous number of cases,
but the time-lagged population flow can affect case numbers. Moreover, the
population flow networks of different lags can exhibit varying influences
on the transmission of COVID-19. However, most existing studies analyze
only the static effects of a network, while ignoring its dynamic characteris-
tics. To assess the dynamic effect of a population flow network, we propose
a novel temporal network influence (TNIF) model. This model studies the
influence of case numbers via three transmission mechanisms of COVID-
19: cross-city transmission, within-city transmission and diffusion transmis-
sion. Consequently, three dynamic parameters are introduced to measure the
three transmission influences, respectively. To estimate these influential pa-
rameters, we develop a quasi-maximum likelihood estimator and establish its
theoretical properties. Additionally, to examine the changing pattern of the
cross-city transmission influential parameter, we provide two max-type test
statistics for testing the homogeneity and change point, respectively. We also
demonstrate their asymptotic distributions. Furthermore, a Bayesian informa-
tion criterion is developed to select the order of the within-city and diffusion
transmission influential parameters. The effectiveness of the proposed TNIF
model is evaluated through simulation studies. Finally, we apply the proposed
TNIF model to analyze the COVID-19 data that collected from 283 Chinese
cities from January 20, 2020 to April 23, 2020. We found that the population
flow network from the previous period and two periods prior had a signifi-
cant positive impact on the number of cases on the current period, while the
network from earlier periods (three or more periods prior) had no significant
effect. This finding further implies that the “two-week lockdown” policy im-
plemented at that time was reasonable and could effectively slow down the
spread of COVID-19 at a relatively low cost.
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Mobile health (mHealth) interventions often aim to improve distal out-
comes, such as clinical conditions, by optimizing proximal outcomes through
just-in-time adaptive interventions. Contextual bandits provide a suitable
framework for customizing such interventions according to individual time-
varying contexts. However, unique challenges, such as modeling count out-
comes within bandit frameworks, have hindered the widespread application
of contextual bandits to mHealth studies. The current work addresses this
challenge by leveraging count data models into online decision-making ap-
proaches. Specifically, we combine four common offline count data models
(Poisson, negative binomial, zero-inflated Poisson, and zero-inflated negative
binomial regressions) with Thompson sampling, a popular contextual ban-
dit algorithm. The proposed algorithms are motivated by and evaluated on a
real dataset from the Drink Less trial, where they are shown to improve user
engagement with the mHealth platform. The proposed methods are further
evaluated on simulated data, achieving improvement in maximizing cumula-
tive proximal outcomes over existing algorithms. Theoretical results on regret
bounds are also derived. The countts R package provides an implementa-
tion of our approach.
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Dynamic treatment regimes (DTRs) represent sequential decision rules
for multiple intervention stages. Each rule maps patients’ covariates to op-
tional treatments. The optimal dynamic treatment regime is the one that max-
imizes the mean outcome of interest if followed by the overall population.
Motivated by a clinical study on the treatment of advanced colorectal cancer
with traditional Chinese medicine, we propose a censored C-learning (CC-
learning) method to estimate the DTR with multiple treatments based on sur-
vival data. To address the challenges of multiple stages with right censoring,
we modified the backward recursion algorithm to adapt to the flexible num-
ber and timing of treatments. We propose a framework for multiple treatments
that transforms the optimization problem of multiple treatment comparisons
into an example-dependent, cost-sensitive classification problem. With data
space expansion and classification techniques, the CC-learning method can
produce an interpretable optimal DTR. We theoretically prove the method’s
optimality and assess its performance with finite sample simulations. Using
our method, we identify the interpretable tree treatment regimes at each stage
for the advanced colorectal cancer treatment data from Xiyuan Hospital.
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‘We propose a nonparametric additive model for estimating interpretable
value functions in reinforcement learning, with an application in optimiz-
ing postoperative recovery through personalized, adaptive recommendations.
While reinforcement learning has achieved significant success in various do-
mains, recent methods often rely on black-box approaches, such as neural
networks, which hinder the examination of individual feature contributions
to a decision-making policy. Our novel method offers a flexible technique for
estimating action-value functions without explicit parametric assumptions,
overcoming the limitations of the linearity assumption of classical algorithms.
By incorporating local kernel regression and basis expansion, we obtain a
sparse, additive representation of the action-value function, enabling local
approximation and retrieval of nonlinear, independent contributions of select
state features and the interactions between joint feature pairs. We validate
our approach through a simulation study and apply it to spine disease re-
covery, uncovering recommendations aligned with clinical knowledge. This
method bridges the gap between flexible machine learning techniques and the
interpretability required in healthcare applications, paving the way for more
personalized interventions.
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A BAYESIAN APPROACH TO GRAPPA PARALLEL FMRI IMAGE
RECONSTRUCTION INCREASES SNR AND POWER OF TASK DETECTION

BY CHASE J. SAKITIS?® AND DANIEL B. ROWEP

Mathematical and Statistical Sciences, Marquette University, chase.sakitis@marquette.edu, bdaniel. rowe @marquette.edu

In fMRI, capturing brain activation during a task is dependent on how
quickly k-space arrays are obtained. Acquiring full k-space arrays, which
are reconstructed into images using the inverse Fourier transform (IFT), that
make up volume images can take a considerable amount of scan time. Un-
dersampling k-space reduces the acquisition time but results in aliased, or
“folded,” images. GeneRalized Autocalibrating Partial Parallel Acquisition
(GRAPPA) is a parallel imaging technique that yields full images from sub-
sampled arrays of k-space. GRAPPA uses localized interpolation weights,
which are estimated prescan and fixed over time, to fill in the missing spatial
frequencies of the subsampled k-space. Here we propose a Bayesian approach
to GRAPPA (BGRAPPA) where prior distributions for the unacquired spatial
frequencies, localized interpolation weights, and k-space measurement un-
certainty are assessed from the a priori calibration k-space arrays. The prior
information is utilized to estimate the missing spatial frequency values from
the posterior distribution and reconstruct into full field-of-view images. Our
BGRAPPA technique successfully reconstructed both a simulated and exper-
imental time series resulting in reduced noise leading to an increased signal-
to-noise ratio (SNR) and stronger power of task detection.

REFERENCES

ATKINSON, D., HILL, D. L. G., STOYLE, P. N. R., SUMMERS, P. E. and KEEVIL, S. F. (1997). Automatic cor-
rection of motion artifacts in magentic resonance images using an entropy focus criterion. IEEE Trans. Med.
Imag. 16 903-910.

BANDETTINI, P., JESMANOWICZ, A., WONG, E. and HYDE, J. S. (1993). Processing strategies for time-course
data sets in functional MRI of the human brain. Magn. Reson. Med. 30 161-173.

BENJAMINI, Y. and HOCHBERG, Y. (1995). Controlling the false discovery rate: A practical and powerful ap-
proach to multiple testing. J. Roy. Statist. Soc. Ser. B 57 289-300. MR1325392

GENOVESE, C. R., LAZAR, N. A. and NIcHOLS, T. E. (2002). Thresholding of statistical maps in functional
neuroimaging using the false discovery rate. Neurolmage 15 870-878.

GRISWOLD, M. A., JAMOB, P. M., HEIDEMANN, R. M., NITTKA, M., JELLUS, V., WANG, J., KIEFER, B. and
HAASE, A. (2002). Generalized autocalibrating artially parallel acquisition (GRAPPA). Magn. Reson. Med.
47 1202-1210.

HYDE, J. S., JESMANOWICZ, A., FRONCISZ, W., KNEELAND, J. B., GRIST, T. M. and CAMPAGNA, N. F. (1986).
Parallel image acquisition from noninteracting local coils. J. Magn. Reson. (1969) 70 512-517.

KARAMAN, M. M., BRUCE, . P. and ROWE, D. B. (2014). A statistical fMRI model for differential 75* contrast
incorporating 77 and T,* of gray matter. Magn. Reson. Imaging 32 9-27.

KARAMAN, M. M., BRUCE, L. P. and ROWE, D. B. (2015). Incorporating relaxivities to more accurately recon-
struct MR images. Magn. Reson. Imaging 33 374-384.

KORNAK, J., YOUNG, K., SCHUFF, N., Du, A., MAUDSLEY, A. A. and WEINER, M. W. (2010). K-Bayes recon-
struction for perfusion MRI. I: Concepts and application. J. Digit. Imag. 23 277-286.

KUMAR, A., WELTI, D. and ERNST, R. R. (1975). NMR Fourier zeugmatography. J. Magn. Reson. (1969) 18
69-83.

LINDLEY, D. V. and SMITH, A. F. M. (1972). Bayes estimates for the linear model. J. Roy. Statist. Soc. Ser. B 34
1-41. MR0415861

LINDQUIST, M. A. (2008). The statistical analysis of fMRI data. Statist. Sci. 23 439-464. MR2530545 https://doi.
org/10.1214/09-STS282

Key words and phrases. Bayesian, GRAPPA, fMRI, reconstruction.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1962
https://www.imstat.org
mailto:chase.sakitis@marquette.edu
mailto:daniel.rowe@marquette.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=1325392
https://mathscinet.ams.org/mathscinet-getitem?mr=0415861
https://mathscinet.ams.org/mathscinet-getitem?mr=2530545
https://doi.org/10.1214/09-STS282
https://doi.org/10.1214/09-STS282

LINDQUIST, M. A., ZHANG, C., GLOVER, G. and SHEPP, L. (2008). Rapid three-dimensional functional magnetic
resonance imaging of the initial negative BOLD response. J. Magn. Reson. 191 100-111.

LOGAN, B. R. and ROWE, D. B. (2004). An evaluation of thresholding techniques in fMRI analysis. Neurolmage
22 95-108. https://doi.org/10.1016/j.neuroimage.2003.12.047

O’HAGAN, A. (1994). Kendall’s Advanced Theory of Statistics. Vol. 2B. Kendall’s Library of Statistics. Wiley,
New York. MR1285356

OGAWA, S., LEE, T. M., NAYAK, A. S. and GLYNN, P. (1990). Oxygenation-sensitive contrast in magnetic reso-
nance image of rodent brain at high magnetic fields. Magn. Reson. Med. 14 68-78.

PRUESSMANN, K. P., WEIGER, M., SCHEIDEGGER, M. B. and BOESIGER, P. (1999). SENSE: Sensitivity encod-
ing for fast MRI. Magn. Reson. Med. 42 952-962.

ROWE, D. B. (2005). Modeling both the magnitude and phase of complex-valued fMRI data. Neurolmage 25
1310-1324. https://doi.org/10.1016/j.neuroimage.2005.01.034

ROWE, D. B. (2009). Magnitude and phase signal detection in complex-valued fMRI data. Magn. Reson. Med. 62
1356-1357.

ROWE, D. B. and LOGAN, B. R. (2004). A complex way to compute fMRI activation. Neurolmage 23 1078-1092.
https://doi.org/10.1016/j.neuroimage.2004.06.042

ROWE, D. B., MELLER, C. P. and HOFFMANN, R. G. (2007). Characterizing phase-only fMRI data with an angular
regression model. J. Neurosci. Methods 161 331-341. https://doi.org/10.1016/j.jneumeth.2006.10.024

SAKITIS, C.J., BROWN, D. A. and ROWE, D. B. (2025). A Bayesian complex-valued latent variable model applied
to functional magnetic resonance imaging. J. R. Stat. Soc. Ser. C. Appl. Stat. 74 100-125. MR4863100 https://
doi.org/10.1093/jrsssc/qlac046

SAKITIS, C. J. and ROWE, D. B. (2025). Supplement to “A Bayesian approach to GRAPPA parallel fMRI image
reconstruction increases SNR and power of task detection.” https://doi.org/10.1214/24-AOAS1962SUPP

STEINHOFF, S., ZAITSEV, M., ZILLES, K. and SHAH, N. J. (2001). Fast 77 mapping with volume coverage. Magn.
Reson. Med. 46 131-140.


https://doi.org/10.1016/j.neuroimage.2003.12.047
https://mathscinet.ams.org/mathscinet-getitem?mr=1285356
https://doi.org/10.1016/j.neuroimage.2005.01.034
https://doi.org/10.1016/j.neuroimage.2004.06.042
https://doi.org/10.1016/j.jneumeth.2006.10.024
https://mathscinet.ams.org/mathscinet-getitem?mr=4863100
https://doi.org/10.1093/jrsssc/qlae046
https://doi.org/10.1093/jrsssc/qlae046
https://doi.org/10.1214/24-AOAS1962SUPP

The Annals of Applied Statistics

2025, Vol. 19, No. 2, 1494-1513
https://doi.org/10.1214/24-A0AS1981

© Institute of Mathematical Statistics, 2025

RICE-DISTRIBUTED AUTOREGRESSIVE TIME SERIES MODELING OF
MAGNITUDE FUNCTIONAL MRI DATA

BY DANIEL W. ADRIAN!2 RANJAN MAITRAZ? AND DANIEL B. ROWE>€

1Department of Statistics, Grand Valley State University, *adriand] @ gvsu.edu
2Department of Statistics, lowa State University, bmaitra@iastate.edu

3Department of Mathematical and Statistical Sciences, Marquette University, ©daniel.rowe @ marquette.edu

Functional magnetic resonance imaging (fMRI) data generally consist of
time series image volumes of the magnitude of complex-valued observations
at each voxel. However, incorporating Gaussian-based time series models and
the Rice distribution—a more accurate model for the data—in the time series
have been separated by a distributional “mismatch.” We bridge this gap by in-
cluding pth-order autoregressive (AR) errors into the Gaussian model for the
latent real and imaginary components underlying the Rice-distributed mag-
nitude data. Parameter estimation is then done by augmenting the observed
magnitude data with the missing phase data in an expectation-maximization
(EM) algorithm framework and followed by AR order determination and
computation of test statistics for activation detection. Using simulated and ex-
perimental low-SNR fMRI data, we compare the performance of this Ricean
time series model with a Gaussian AR(p) model for the magnitude data and
also with a complex Gaussian time series model for the entire complex-valued
data. Our results show improved parameter estimation and activation detec-
tion under the Ricean AR(p) model for the magnitude data than its Gaussian
counterpart. The model using the complex-valued data (which is rarely col-
lected in practice) detects activation better than both magnitude-only models
but only because it has more data. Thus, while our results here provide for
the improved analysis of commonly-collected and archived magnitude-only
fMRI datasets, they also argue strongly against the currently routine practice
of discarding the phase of the complex-valued fMRI time series, advocating
instead for their inclusion in the analysis.
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The Frequency Modulated Mobius (FMM) approach is a contemporary
and versatile tool for analyzing oscillatory signals. Within the functional
data analysis framework, the FMM model offers an accurate alternative for
comprehending multidimensional synchronized oscillatory signals, which are
common in various fields including biology and medicine. This approach de-
composes the signals into scaled Mobius waves formulated in terms of four
parameters, interpreted as measures of location and shape variation. Among
these parameters, two are specific to individual signals, while the remain-
ing two are global and describe the interconnections between signals. In this
paper we extend the utility of the FMM by developing inferential procedures
based on likelihood estimations for nonlinear models. These procedures cover
the core parameters, the signals themselves, and their derivatives. We explore
various techniques, including the Gauss—Seidel approach and profile likeli-
hood, for obtaining estimators and their asymptotic properties. Our method-
ology undergoes rigorous validation, drawing on a combination of theoretical
insights and numerical experiments. Furthermore, as our research is primar-
ily motivated by the analysis of biomedical oscillatory signals, we apply this
methodology to address two pertinent real-world problems involving electro-
cardiogram and pattern-reversal visual evoked potential data. These applica-
tions illustrate the practical efficacy of the new paradigm.
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Imaging genetics is a growing field that employs structural or functional
neuroimaging techniques to study individuals with genetic risk variants po-
tentially linked to specific illnesses. This area presents considerable chal-
lenges to statisticians due to the heterogeneous information and different data
forms it involves. In addition, both imaging and genetic data are typically
high-dimensional, creating a “big data squared” problem, Moreover, brain
imaging data contains extensive spatial information. Simply vectorizing ten-
sor images and treating voxels as independent features can lead to compu-
tational issues and disregard spatial structure. This paper presents a novel
statistical method for imaging genetics modeling while addressing all these
challenges. We explore a canonical correlation analysis based linear model
for the joint modeling of brain imaging, genetic information, and clinical phe-
notype, enabling the simultaneous detection of significant brain regions and
selection of important genetic variants associated with the phenotype out-
come. Scalable algorithms are developed to tackle the “big data squared” is-
sue. We apply the proposed method to explore the reaction speed, an indicator
of cognitive functions, and its associations with brain MRI and genetic fac-
tors using the UK Biobank database. Our study reveals a notable connection
between the caudate nucleus region of brain and specific significant SNPs,
along with their respective regulated genes, and the reaction speed.
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Many fMRI analyses examine functional connectivity, or statistical de-
pendencies among remote brain regions. Factor analysis, which parsimo-
niously describes correlations between many observed variables, offers a nat-
ural framework in which to study such dependencies. However, multivari-
ate factor models break down when applied to functional and spatiotempo-
ral data, like fMRI. We present a factor model for discretely-observed mul-
tidimensional functional data that is well suited to the study of functional
connectivity. Unlike classical factor models which decompose a multivari-
ate observation into a “common” term that captures covariance between ob-
served variables and an uncorrelated “idiosyncratic” term that captures vari-
ance unique to each observed variable, our model decomposes a functional
observation into two uncorrelated components: a “global” term that captures
long-range dependencies and a “local” term that captures short-range depen-
dencies. We show that if the global covariance is smooth with finite rank
and the local covariance is banded with potentially infinite rank, then this
decomposition is identifiable. Under these conditions, recovery of the global
covariance amounts to rank-constrained matrix completion, which we exploit
to formulate consistent estimators. Through simulations and an application to
resting-state fMRI data, we demonstrate that our approach offers several dis-
tinct advantages over popular functional connectivity methods.
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In this study we focus on Cooperative Differential Network Learning
with hub detection (CDNL) for functional Magnetic Resonance Imaging
(fMRI) scan from multiple research centers. As research centers may use
varying scanners, imaging parameters, and other conditions that introduce
heterogeneity, CDNL allows us to analyze fMRI data from various perspec-
tives while identifying shared structures, potentially revealing the underlying
mechanisms of neurological diseases. In addition, brain functional networks
often consist of multiple hubs-central nodes within the network that play a
crucial role in supporting integrated brain function. Investigating these hubs
can offer valuable insight into functional connectivity patterns in the brain.
To address this task, we formulate it as a penalized logistic regression prob-
lem and introduce two independent penalties (Cooperative Penalty and Hub
Penalty) to enable simultaneous estimation of multiple differential networks
with hub detection. To further enhance empirical performance, we develop an
ensemble-learning procedure. We conduct comprehensive simulation studies
to assess the finite-sample performance of the proposed method and compare
it with existing state-of-the-art alternatives. In the application we apply the
proposed method to analyze multiple fMRI scans related to Attention Deficit
Hyperactivity Disorder from various research centers. We identify common
hub brain regions and similar differential interaction patterns across various
centers. These findings are highly consistent with existing results from clini-
cal medical research.
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A MULTIRUN STEP-STRESS MODEL FOR TREND RENEWAL DATA WITH
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Conducting a cost-efficient lifetime-testing plan to timely assess lifetime
information of a highly reliable product is often a challenging task in the
manufacturing industry. Motivated by a case study of rechargeable lithium-
ion batteries, this paper introduces a multirun k-level step-stress experiment,
running under different stresses in repeated cycles, to collect and analyze the
degradation data of reusable highly-reliable products. Specifically, we for-
mulate the battery capacity over recharge cycles as a counting process and
adopt a trend renewal process (TRP) to characterize the degradation patterns
of capacity varying with the stress level of the accelerated factor. By using
a Markovian property on cumulative exposure in our counting process, the
degradation data observed in a multirun k-level step-stress TRP model can be
converted equivalently to corresponding k constant-stress TRP models. This
connection allows us to estimate the parameters using maximum likelihood
and to infer with uncertainty quantification the end-of-performance (EOP) of
batteries at normal-use conditions. This novel method is shown to be efficient
for the lifetime assessment of reusable products.
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Runway overruns pose a significant challenge to aviation safety and rep-
resent the most common type of landing incident. Identifying the underlying
factors contributing to runway overruns is vital for the development of effec-
tive prevention strategies. Since a few overruns are observed, the distance re-
quired for a pilot to achieve control of the aircraft, measured by the distance
to decelerate to 80 knots, is used as a precursor. We propose vine copula-
based distributional regression models for the distance to 80 knots, given a
set of contributing factors, for the analysis of 711 flights sourced from the
quick access recorder (QAR). This approach allows to accommodate non-
linear, non-Gaussian patterns observed in the data and to rank the impact of
the contributing factors. Three vine-based regression models and two Gaus-
sian benchmark models were investigated, revealing that D-vine regression
model is the preferred model. This D-vine regression is then used to identify
41 high-risk flights, using estimated conditional probabilities for the distance
to controllable speed exceeding a significant threshold. The analysis of the
contributing factors for these flights reveals distinct marginal behaviors and
dependent patterns that must be considered when designing risk prevention
strategies.
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We introduce a framework for calibrating machine learning models to
satisfy finite-sample statistical guarantees. Our calibration algorithms work
with any model and (unknown) data-generating distribution and do not re-
quire retraining. The algorithms address, among other examples, false dis-
covery rate control in multilabel classification, intersection-over-union con-
trol in instance segmentation, and simultaneous control of the type-1 outlier
error and confidence set coverage in classification or regression. Our main
insight is to reframe risk control as multiple hypothesis testing, enabling dif-
ferent mathematical arguments. We demonstrate our algorithms with detailed
worked examples in computer vision and tabular medical data. The com-
puter vision experiments demonstrate the utility of our approach in calibrating
state-of-the-art predictive architectures that have been deployed widely, such
as the detectron2 object detection system.
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In the eleventh and twelfth centuries in England, Wales and Normandy,
royal acta were legal documents in which witnesses were listed in order of
social status. Any bishops present were listed as a group. For our purposes
each witness-list is an ordered permutation of bishop names with a known
date or date-range. Changes over time in the order bishops are listed may
reflect changes in their authority. Historians would like to detect and quantify
these changes. There is no reason to assume that the underlying social order,
which constrains bishop-order, within lists is a complete order. We therefore
model the evolving social order as an evolving partial ordered set or poset.

We construct a hidden Markov model for these data. The hidden state is
an evolving poset (the evolving social hierarchy) and the emitted data are
random total orders (dated lists) respecting the poset present at the time the
order was observed. This generalises existing models for rank-order data
such as Mallows and Plackett-Luce. We account for noise via a random
“queue-jumping” process. Our latent-variable prior for the random process of
posets is marginally consistent. A parameter controls poset depth, and actor-
covariates inform the position of actors in the hierarchy. We fit the model,
estimate posets and find evidence for changes in status over time. We inter-
pret our results in terms of court politics. Simpler models, based on bucket
orders and vertex-series-parallel orders, are rejected. We compare our results
with a time-series extension of the Plackett—Luce model. Our software is pub-
licly available.
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ESTIMATING REPORTING BIAS IN 311 COMPLAINT DATA
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Systems such as “311” enable residents of a community to report on
their environments and to request nonemergency municipal services. While
such systems provide an important link between community and government,
resident-generated data suffer from reporting bias, with some subpopulations
reporting at lower rates than others. Our research focuses on defining the
underreporting of heating and hot water problems to New York City’s 311
system and developing methods to estimate under-reporting. First, we esti-
mate nonreporting by fitting a latent variable model, which estimates both the
probability of an underlying heating problem conditional on building charac-
teristics, and the probability of reporting a problem conditional on population
characteristics. Second, we analyze “less-than-expected” reporting: buildings
with fewer 311 calls than expected, as compared to similarly-sized build-
ings with similar estimated problem durations. Together, these analyses deter-
mine neighborhoods and neighborhood-level socioeconomic characteristics
that are predictive of underreporting of heating and hot water problems. Our
approaches can aid government agencies wishing to use resident-generated
data to assist in constructing fair public policies.
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Social survey data are often collected from different survey centers in dif-
ferent regions. In some circumstances the response variables are completely
observed while the covariates have missing values. In addition, the missing
data patterns will vary in different geographical locations. In this article an
ordinal response regression model with a log linear model for the cutpointsis
extended to fit the spatial ordinal response data with missing covariates within
a Bayesian framework. A signed-spike-and-slab prior is developed to learn
the heterogeneity of the missing data mechanisms among different spatial lo-
cations. The properties of the proposed models are examined, and a Markov
chain Monte Carlo sampling algorithm is used to sample from the posterior
distribution. Extensive simulation studies are carried out to examine the em-
pirical performance of the proposed methods. We further apply the proposed
methodology to analyze a real dataset from a Chinese General Society Sur-
vey.
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The social characteristics of players in a social network are closely as-
sociated with their network positions and relational importance. Identifying
those influential players in a network is of great importance, as it helps to
understand how ties are formed, how information is propagated, and, in turn,
can guide the dissemination of new information. Motivated by a Sina Weibo
social network analysis of the 2021 Henan Floods, where response variables
for each Sina Weibo user are available, we propose a new notion of supervised
centrality that emphasizes the task-specific nature of a player’s centrality. To
estimate the supervised centrality and identify important players, we develop
anovel sparse network influence regression by introducing individual hetero-
geneity for each user. To overcome the computational difficulties in fitting
the model for large social networks, we further develop a forward-addition
algorithm and show that it can consistently identify a superset of the influen-
tial Sina Weibo users. We apply our method to analyze three responses in the
Henan Floods data: the number of comments, reposts, and likes, and obtain
meaningful results. A further simulation study corroborates the developed
method.
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Exposure indices measure the degree of contact between two groups and
are used to quantify occupational discrepancies between genders in a set of
occupational sectors. This paper presents a novel methodology for predicting
area-level proportions of employed men and women across various occupa-
tion sectors, along with estimating exposure indexes. The challenge arises
from the compositional nature of the direct estimators of proportions, which
tend to be imprecise when sample sizes are small. To overcome this prob-
lem, we propose to use a compositional multivariate Fay—Herriot model. By
applying log-ratio transformations to the direct estimators of proportions, we
can effectively capture the underlying structure and dependencies within the
data. Small area estimators for proportions and exposure indexes are derived
from the fitted model, and their corresponding root-mean-squared errors are
estimated using parametric bootstrap techniques. To demonstrate the applica-
bility of our approach, we conduct a case study using data from quarters 3 and
4 of the Spanish Labour Force Survey of 2022. The primary objective is to
investigate the state of gender occupational segregation in Spanish provinces,
thereby providing valuable insights into this socioeconomic phenomenon.
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A new methodological framework suitable for era-adjusting baseball
statistics is developed in this article. Within this methodological framework
specific models are motivated. We call these models Full House Models. Full
House Models work by balancing the achievements of Major League Base-
ball (MLB) players within a given season and the size of the MLB talent pool
from which a player came. We demonstrate the utility of Full House Models
in an application of comparing baseball players’ performance statistics across
eras. Our results reveal a new ranking of baseball’s greatest players which in-
clude several modern players among the top all-time players. Modern players
are elevated by Full House Modeling because they come from a larger talent
pool. We present sensitivity and multiverse analyses to examine how changes
in modeling inputs, including the estimate of the talent pool, affect the results.
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