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REAL-TIME MECHANISTIC BAYESIAN FORECASTS OF
COVID-19 MORTALITY

BY GRAHAM C. GIBSON1,a, NICHOLAS G. REICH1,b AND DANIEL SHELDON2,c

1School of Public Health and Health Sciences, University of Massachusetts Amherst, agcgibson@lanl.gov, bnick@umass.edu
2College of Information and Computer Sciences, University of Massachusetts Amherst, csheldon@cs.umass.edu

The COVID-19 pandemic emerged in late December 2019. In the first
six months of the global outbreak, the U.S. reported more cases and deaths
than any other country in the world. Effective modeling of the course of
the pandemic can help assist with public health resource planning, interven-
tion efforts, and vaccine clinical trials. However, building applied forecasting
models presents unique challenges during a pandemic. First, case data avail-
able to models in real time represent a nonstationary fraction of the true case
incidence due to changes in available diagnostic tests and test-seeking be-
havior. Second, interventions varied across time and geography leading to
large changes in transmissibility over the course of the pandemic. We pro-
pose a mechanistic Bayesian model that builds upon the classic compartmen-
tal susceptible–exposed–infected–recovered (SEIR) model to operationalize
COVID-19 forecasting in real time. This framework includes nonparametric
modeling of varying transmission rates, nonparametric modeling of case and
death discrepancies due to testing and reporting issues, and a joint observa-
tion likelihood on new case counts and new deaths; it is implemented in a
probabilistic programming language to automate the use of Bayesian reason-
ing for quantifying uncertainty in probabilistic forecasts. The model has been
used to submit forecasts to the U.S. Centers for Disease Control through the
COVID-19 Forecast Hub under the name MechBayes. We examine the per-
formance relative to a baseline model as well as alternate models submitted to
the forecast hub. Additionally, we include an ablation test of our extensions to
the classic SEIR model. We demonstrate a significant gain in both point and
probabilistic forecast scoring measures using MechBayes, when compared
to a baseline model, and show that MechBayes ranks as one of the top two
models out of nine which regularly submitted to the COVID-19 Forecast Hub
for the duration of the pandemic, trailing only the COVID-19 Forecast Hub
ensemble model of which which MechBayes is a part.
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With their continued increase in coverage and quality, data collected
from personal air quality monitors has become an increasingly valuable tool
to complement existing public health monitoring systems over urban areas.
However, the potential of using such “citizen science data” for automatic
early warning systems is hampered by the lack of models able to capture
the high-resolution, nonlinear spatiotemporal features stemming from local
emission sources such as traffic, residential heating and commercial activi-
ties. In this work we propose a machine-learning approach to forecast high-
frequency spatial fields which has two distinctive advantages from standard
neural network methods in time: (1) sparsity of the neural network via a spike-
and-slab prior and (2) a small parametric space. The introduction of stochastic
neural networks generates additional uncertainty, and in this work we propose
a fast approach for ensure that the forecast is correctly assessed (calibration),
both marginally and spatially. We focus on assessing exposure to urban air
pollution in San Francisco, and our results suggest an improvement of over
58% in the mean squared error over standard time-series approach with a
calibrated forecast for up to five days.
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Hematopoietic stem cells (HSC) are the cells that give rise to all other
blood cells and, as such, they are crucial in the healthy development of indi-
viduals. Wiskott–Aldrich Syndrome (WAS) is a severe disorder affecting the
regulation of hematopoietic cells and is caused by mutations in the WASP
gene. We consider data from a revolutionary gene therapy clinical trial, where
HSC harvested from three WAS patients’ bone marrow have been edited and
corrected using viral vectors. Upon reinfusion into the patient, the HSC mul-
tiply and differentiate into other cell types. The aim is to unravel the cell
multiplication and cell differentiation process, which has until now remained
elusive. This paper models the replenishment of blood lineages resulting from
corrected HSC via a multivariate, density-dependent Markov process and de-
velops an inferential procedure to estimate the dynamic parameters, given
a set of temporally sparsely observed trajectories. Starting from the master
equation, we derive a system of nonlinear differential equations for the evo-
lution of the first- and second-order moments over time. We use these mo-
ment equations in a generalized method-of-moments framework to perform
inference. The performance of our proposal has been evaluated by consider-
ing different sampling scenarios and measurement errors of various strengths
using a simulation study. We also compared it to another state-of-the-art ap-
proach and found that our method is statistically more efficient. By applying
our method to the WAS gene therapy data, we found strong evidence for
a myeloid-based developmental pathway of hematopoietic cells where fates
of lymphoid and myeloid cells remain coupled, even after the loss of ery-
throid potential. All code used in this manuscript can be found in the online
Supplementary Material, and the latest version of the code is available at
https://github.com/dp3ll1n/SLCDP_v1.0.
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Many statistical methods have been developed for the analysis of mi-
crobial community profiles, but due to the complexity of typical microbiome
measurements, inference of interactions between microbial features remains
challenging. We develop a Bayesian zero-inflated rounded log-normal kernel
method to model interaction between microbial features in a community us-
ing multivariate count data in the presence of covariates and excess zeros. The
model carefully constructs the interaction structure by imposing joint sparsity
on the covariance matrix of the kernel and obtains a reliable estimate of the
structure with a small sample size. The model also includes zero inflation to
account for excess zeros observed in data and infers differential abundance of
microbial features associated with covariates through log-linear regression.
We provide simulation studies and real data analysis examples to demon-
strate the developed model. Comparison of the model to a simpler model and
popular alternatives in simulation studies shows that, in addition to an added
and important insight on the feature interaction, it yields superior parameter
estimates and model fit in various settings.
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Accurate identification of synergistic treatment combinations and their
underlying biological mechanisms is critical across many disease domains,
especially cancer. In translational oncology research, preclinical systems,
such as patient-derived xenografts (PDX), have emerged as a unique study
design evaluating multiple treatments administered to samples from the same
human tumor implanted into genetically identical mice. In this paper we
propose a novel Bayesian probabilistic tree-based framework for PDX data
to investigate the hierarchical relationships between treatments by inferring
treatment cluster trees, referred to as treatment trees (Rx-tree). The frame-
work motivates a new metric of mechanistic similarity between two or more
treatments, accounting for inherent uncertainty in tree estimation; treatments
with a high estimated similarity have potentially high mechanistic synergy.
Building upon Dirichlet diffusion trees, we derive a closed-form marginal
likelihood, encoding the tree structure, which facilitates computationally ef-
ficient posterior inference via a new two-stage algorithm. Simulation stud-
ies demonstrate superior performance of the proposed method in recovering
the tree structure and treatment similarities. Our analyses of a recently col-
lated PDX dataset produce treatment similarity estimates that show a high
degree of concordance with known biological mechanisms across treatments
in five different cancers. More importantly, we uncover new and potentially
effective combination therapies that confer synergistic regulation of specific
downstream biological pathways for future clinical investigations. Our ac-
companying code, data, and shiny application for visualization of results are
available at: https://github.com/bayesrx/RxTree.
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Forecasting and forecast evaluation are inherently sequential tasks. Pre-
dictions are often issued on a regular basis, such as every hour, day, or month,
and their quality is monitored continuously. However, the classical statistical
tools for forecast evaluation are static, in the sense that statistical tests for
forecast calibration are only valid if the evaluation period is fixed in advance.
Recently, e-values have been introduced as a new, dynamic method for as-
sessing statistical significance. An e-value is a nonnegative random variable
with expected value, at most, one under a null hypothesis. Large e-values give
evidence against the null hypothesis, and the multiplicative inverse of an e-
value is a conservative p-value. Since they naturally lead to statistical tests
which are valid under optional stopping, e-values are particularly suitable
for sequential forecast evaluation. This article proposes e-values for testing
probabilistic calibration of forecasts which is one of the most important no-
tions of calibration. The proposed methods are also more generally applicable
for sequential goodness-of-fit testing. We demonstrate in a simulation study
that the e-values are competitive in terms of power, when compared to extant
methods which do not allow for sequential testing. In this context we intro-
duce test power heat matrices, a graphical tool to compactly visualize results
of simulation studies on test power. In a case study we show that the e-values
provide important and new useful insights in the evaluation of probabilistic
weather forecasts.
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We propose a new class of models for the estimation of genotype by en-
vironment (GxE) interactions in plant-based genetics. Our approach, named
AMBARTI, uses semiparametric Bayesian additive regression trees to accu-
rately capture marginal genotypic and environment effects along with their
interaction in a cut Bayesian framework. We demonstrate that our approach
is competitive or superior to similar models widely used in the literature via
both simulation and a real world dataset. Furthermore, we introduce new
types of visualisation to properly assess both the marginal and interactive
predictions from the model. An R package that implements our approach is
also available at https : //github.com/ebprado/ambarti.
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Recent advances in biological research have seen the emergence of high-
throughput technologies with numerous applications that allow the study
of biological mechanisms at an unprecedented depth and scale. A large
amount of genomic data is now distributed through consortia like The Can-
cer Genome Atlas (TCGA), where specific types of biological information
on specific type of tissue or cell are available. In cancer research the chal-
lenge is now to perform integrative analyses of high-dimensional multiomic
data with the goal to better understand genomic processes that correlate with
cancer outcomes, for example, elucidate gene networks that discriminate a
specific cancer subgroups (cancer subtyping) or discovering gene networks
that overlap across different cancer types (pan-cancer studies). In this paper
we propose a novel mixed graphical model approach to analyze multiomic
data of different types (continuous, discrete and count) and perform model se-
lection by extending the birth–death MCMC (BDMCMC) algorithm initially
proposed by Stephens (Ann. Statist. 28 (2000) 40–74) and later developed
by Mohammadi and Wit (Bayesian Anal. 10 (2015) 109–138). Using simu-
lations, we compare the performance of our method to the LASSO method
and the standard BDMCMC method and find that our method is superior in
terms of both computational efficiency and the accuracy of the model selec-
tion results. Finally, an application to the TCGA breast cancer data shows that
integrating genomic information at different levels (mutation and expression
data) leads to better subtyping of breast cancers.
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Tropical cyclones present a serious threat to many coastal communities
around the world. Many numerical weather prediction models provide deter-
ministic forecasts with limited measures of their forecast uncertainty. Stan-
dard postprocessing techniques may struggle with extreme events or use a
30-day training window that will not adequately characterize the uncertainty
of a tropical cyclone forecast. We propose a novel approach that leverages
information from past storm events, using a hierarchical model to quantify
uncertainty in the spatial correlation parameters of the forecast errors (mod-
eled as Gaussian processes) for a numerical weather prediction model. This
approach addresses a massive data problem by implementing a drastic di-
mension reduction through the assumption that the MLE and Hessian matrix
represent all useful information from each tropical cyclone. From this, sim-
ulated forecast errors provide uncertainty quantification for future tropical
cyclone forecasts. We apply this method to the North American Mesoscale
model forecasts and use observations based on the Stage IV data product
for 47 tropical cyclones between 2004 and 2017. For an incoming storm,
our hierarchical framework combines the forecast from the North American
Mesoscale model with the information from previous storms to create 95%
and 99% prediction maps of rain. For six test storms from 2018 and 2019,
these maps provide appropriate probabilistic coverage of observations. We
show evidence from the log scoring rule that the proposed hierarchical frame-
work performs best among competing methods.
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JOINT POINT AND VARIANCE ESTIMATION UNDER A HIERARCHICAL
BAYESIAN MODEL FOR SURVEY COUNT DATA
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We propose a novel Bayesian framework for the joint modeling of sur-
vey point and variance estimates for count data. The approach incorporates
an induced prior distribution on the modeled true variance that sets it equal
to the generating variance of the point estimate, a key property more readily
achieved for continuous data response type models. Our count data model
formulation allows the input of domains at multiple resolutions (e.g., states,
regions, nation) and simultaneously benchmarks modeled estimates at higher
resolutions (e.g., states) to those at lower resolutions (e.g., regions) in a fash-
ion that borrows more strength to sharpen our domain estimates at higher res-
olutions. We conduct a simulation study that generates a population of units
within domains to produce ground truth statistics to compare to direct and
modeled estimates performed on samples taken from the population where
we show improved reductions in error across domains. The model is applied
to the job openings variable and other data items published in the Job Open-
ings and Labor Turnover Survey administered by the U.S. Bureau of Labor
Statistics.
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In explainable artificial intelligence, discriminative feature localization is
critical to reveal a black-box model’s decision-making process from raw data
to prediction. In this article we use two real datasets, the MNIST handwritten
digits and MIT-BIH electrocardiogram (ECG) signals, to motivate key char-
acteristics of discriminative features, namely, adaptiveness, predictive impor-
tance and effectiveness. Then we develop a localization framework, based
on adversarial attacks, to effectively localize discriminative features. In con-
trast to existing heuristic methods, we also provide a statistically guaranteed
interpretability of the localized features by measuring a generalized partial
R2. We apply the proposed method to the MNIST dataset and the MIT-BIH
dataset with a convolutional autoencoder. In the first, the compact image re-
gions localized by the proposed method are visually appealing. Similarly, in
the second, the identified ECG features are biologically plausible and consis-
tent with cardiac electrophysiological principles while locating subtle anoma-
lies in a QRS complex that may not be discernible by the naked eye. Overall,
the proposed method compares favorably with state-of-the-art competitors.
Accompanying this paper is a Python library dnn-locate that implements the
proposed approach.
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MASCI, J., MEIER, U., CIREŞAN, D. and SCHMIDHUBER, J. (2011). Stacked convolutional auto-encoders for
hierarchical feature extraction. In International Conference on Artificial Neural Networks 52–59. Springer,
Berlin.

MCFADDEN, D. et al. (1973). Conditional logit analysis of qualitative choice behavior.
MIRVIS, D. M. and GOLDBERGER, A. L. (2001). Electrocardiography. In Heart Disease 82–128. W. B. Saun-

ders, Philadelphia.
MONTAVON, G., LAPUSCHKIN, S., BINDER, A., SAMEK, W. and MÜLLER, K.-R. (2017). Explaining nonlinear

classification decisions with deep Taylor decomposition. Pattern Recognit. 65 211–222.

https://doi.org/10.1214/22-AOAS1705SUPPA
https://doi.org/10.1214/22-AOAS1705SUPPB
https://doi.org/10.1371/journal.pone.0073557
https://mathscinet.ams.org/mathscinet-getitem?mr=1873328
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1162/neco.1997.9.8.1735
http://arxiv.org/abs/arXiv:1705.05598
https://mathscinet.ams.org/mathscinet-getitem?mr=2064687
https://doi.org/10.1016/j.spl.2004.03.002


MOODY, G. B. and MARK, R. G. (1990). The MIT-BIH arrhythmia database on CD-ROM and software for use
with it. In [1990] Proceedings Computers in Cardiology 185–188. IEEE, Chicago.

NAGELKERKE, N. J. D. (1991). A note on a general definition of the coefficient of determination. Biometrika 78
691–692. MR1130937 https://doi.org/10.1093/biomet/78.3.691

RAGINSKY, M., RAKHLIN, A. and TELGARSKY, M. (2017). Non-convex learning via stochastic gradient
Langevin dynamics: A nonasymptotic analysis. ArXiv preprint. Available at arXiv:1702.03849.

RAJPURKAR, P., HANNUN, A. Y., HAGHPANAHI, M., BOURN, C. and NG, A. Y. (2017). Cardiologist-level
arrhythmia detection with convolutional neural networks. ArXiv preprint. Available at arXiv:1707.01836.

RASKUTTI, G., WAINWRIGHT, M. J. and YU, B. (2014). Early stopping and non-parametric regression: An
optimal data-dependent stopping rule. J. Mach. Learn. Res. 15 335–366. MR3190843

RIBEIRO, M. T., SINGH, S. and GUESTRIN, C. (2016). “Why should I trust you?” Explaining the predictions of
any classifier. In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining 1135–1144.

RUDY, Y. (2004). Ionic mechanisms of cardiac electrical activity: A theoretical approach. In Cardiac Electrophys-
iology: From Cell to Bedside 255–266. Elsevier, Philadelphia.

RUMELHART, D. E., HINTON, G. E. and WILLIAMS, R. J. (1985). Learning internal representations by error
propagation Technical Report California Univ. San Diego La Jolla Inst. for Cognitive Science.

SELVARAJU, R. R., COGSWELL, M., DAS, A., VEDANTAM, R., PARIKH, D. and BATRA, D. (2017). Grad-
cam: Visual explanations from deep networks via gradient-based localization. In Proceedings of the IEEE
International Conference on Computer Vision 618–626.

STERGIOU, G. S., ALPERT, B., MIEKE, S., ASMAR, R., ATKINS, N., ECKERT, S., FRICK, G., FRIEDMAN,
B., GRASSL, T. et al. (2018). A universal standard for the validation of blood pressure measuring devices:
Association for the advancement of medical instrumentation/European society of hypertension/international
organization for standardization (AAMI/ESH/ISO) collaboration statement. J. Hypertens. 71 368–374.

THYGESEN, K., ALPERT, J. S., WHITE, H. D. and JOINT ESC/ACCF/AHA/WHF TASK FORCE FOR THE

REDEFINITION OF MYOCARDIAL INFARCTION (2007). Universal definition of myocardial infarction. J. Am.
Coll. Cardiol. 50 2173–2195.

TJOA, E. and GUAN, C. (2019). A survey on explainable artificial intelligence (XAI): Towards medical XAI.
ArXiv preprint. Available at arXiv:1907.07374.

VAMATHEVAN, J., CLARK, D., CZODROWSKI, P., DUNHAM, I., FERRAN, E., LEE, G., LI, B., MADABHUSHI,
A., SHAH, P. et al. (2019). Applications of machine learning in drug discovery and development. Nat. Rev.
Drug Discov. 18 463–477.

WANG, H., WANG, N. and YEUNG, D.-Y. (2015). Collaborative deep learning for recommender systems. In
Proceedings of the 21th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining
1235–1244.

WASIMUDDIN, M., ELLEITHY, K., ABUZNEID, A.-S., FAEZIPOUR, M. and ABUZAGHLEH, O. (2020). Stages-
based ECG signal analysis from traditional signal processing to machine learning approaches: A survey. IEEE
Access 8 177782–177803.

WU, Y. and LIU, Y. (2007). Robust truncated hinge loss support vector machines. J. Amer. Statist. Assoc. 102
974–983. MR2411659 https://doi.org/10.1198/016214507000000617

ZEILER, M. D. and FERGUS, R. (2014). Visualizing and understanding convolutional networks. In European
Conference on Computer Vision 818–833. Springer, Berlin.

ZHOU, B., KHOSLA, A., LAPEDRIZA, A., OLIVA, A. and TORRALBA, A. (2016). Learning deep features for
discriminative localization. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion 2921–2929.

https://mathscinet.ams.org/mathscinet-getitem?mr=1130937
https://doi.org/10.1093/biomet/78.3.691
http://arxiv.org/abs/arXiv:1702.03849
http://arxiv.org/abs/arXiv:1707.01836
https://mathscinet.ams.org/mathscinet-getitem?mr=3190843
http://arxiv.org/abs/arXiv:1907.07374
https://mathscinet.ams.org/mathscinet-getitem?mr=2411659
https://doi.org/10.1198/016214507000000617


The Annals of Applied Statistics
2023, Vol. 17, No. 3, 2039–2058
https://doi.org/10.1214/22-AOAS1706
© Institute of Mathematical Statistics, 2023

DYNAMIC PREDICTION OF RESIDUAL LIFE WITH LONGITUDINAL
COVARIATES USING LONG SHORT-TERM MEMORY NETWORKS
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Sepsis, a complex medical condition that involves severe infections with
life-threatening organ dysfunction, is a leading cause of death worldwide.
Treatment of sepsis is highly challenging. When making treatment deci-
sions, clinicians and patients desire accurate predictions of mean residual
life (MRL) that leverage all available patient information, including longi-
tudinal biomarker data. Biomarkers are biological, clinical, and other vari-
ables reflecting disease progression that are often measured repeatedly on pa-
tients in the clinical setting. Dynamic prediction methods leverage accruing
biomarker measurements to improve performance, providing updated predic-
tions as new measurements become available. We introduce two methods for
dynamic prediction of MRL using longitudinal biomarkers. In both methods,
we begin by using long short-term memory networks (LSTMs) to construct
encoded representations of the biomarker trajectories, referred to as “context
vectors.” In our first method, the LSTM-GLM, we dynamically predict MRL
via a transformed MRL model that includes the context vectors as covariates.
In our second method, the LSTM-NN, we dynamically predict MRL from
the context vectors using a feed-forward neural network. We demonstrate
the improved performance of both proposed methods relative to competing
methods in simulation studies. We apply the proposed methods to dynami-
cally predict the restricted mean residual life (RMRL) of septic patients in
the intensive care unit using electronic medical record data. We demonstrate
that the LSTM-GLM and the LSTM-NN are useful tools for producing indi-
vidualized, real-time predictions of RMRL that can help inform the treatment
decisions of septic patients.
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POSTELECTION ANALYSIS OF PRESIDENTIAL ELECTION/POLL DATA
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This paper concerns analyses of the 2016 and 2020 U.S. presidential
election data, including the data of preelection polls and the actual elections.
Our analyses unveil statistical evidence of discrepancy between the polls and
real elections that is consistent across these two elections. Specifically, the
polls had consistently overestimated advantages of the Democratic candidates
or, equivalently, underestimated the true population support of the Republi-
can candidate, Donald Trump, in both elections. The analyses are stratified
by state, reflecting the U.S. electoral college system by the means of small
area estimation. We have found recurrent patterns suggesting that the polls
have been underestimating the Republican candidate, especially in swing
states of critical importance. Our findings also suggest an improvement of
the 2020 polling methods to mitigate the size of underestimation. We show
that a small-area model built upon the actual election data from one election
can provide a better prediction than the poll-based projection to another elec-
tion involving the same Republican candidate. Ranking of pollsters, based on
prediction bias, using mixed model prediction is also considered.
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Lightning is a destructive and highly visible product of severe storms, yet
there is still much to be learned about the conditions under which lightning is
most likely to occur. The GOES-16 and GOES-17 satellites, launched in 2016
and 2018 by NOAA and NASA, collect a wealth of data regarding individual
lightning strike occurrence and potentially related atmospheric variables. The
acute nature and inherent spatial correlation in lightning data renders standard
regression analyses inappropriate. Further, computational considerations are
foregrounded by the desire to analyze the immense and rapidly increasing
volume of lightning data. We present a new computationally feasible method
that combines spectral and Laplace approximations in an EM algorithm, de-
noted SLEM, to fit the widely popular log-Gaussian Cox process model to
large spatial point pattern datasets. In simulations we find SLEM is compet-
itive with contemporary techniques in terms of speed and accuracy. When
applied to two lightning datasets, SLEM provides better out-of-sample pre-
diction scores and quicker runtimes, suggesting its particular usefulness for
analyzing lightning data which tend to have sparse signals.
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Functional connections in the brain are frequently represented by
weighted networks, with nodes representing locations in the brain and edges
representing the strength of connectivity between these locations. One chal-
lenge in analyzing such data is that inference at the individual edge level is
not particularly biologically meaningful; interpretation is more useful at the
level of so-called functional systems or groups of nodes and connections be-
tween them; this is often called “graph-aware” inference in the neuroimaging
literature. However, pooling over functional regions leads to significant loss
of information and lower accuracy. Another challenge is correlation among
edge weights within a subject which makes inference based on independence
assumptions unreliable. We address both of these challenges with a linear
mixed effects model, which accounts for functional systems and for edge
dependence, while still modeling individual edge weights to avoid loss of
information. The model allows for comparing two populations, such as pa-
tients and healthy controls, both at the functional regions level and at indi-
vidual edge level, leading to biologically meaningful interpretations. We fit
this model to resting state fMRI data on schizophrenic patients and healthy
controls, obtaining interpretable results consistent with the schizophrenia lit-
erature.
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A method originally suggested by Raymond Birge, using what came to
be known as the Birge ratio, has been widely used in metrology and physics
for the adjustment of fundamental physical constants, particularly in the pe-
riodic reevaluation carried out by the Task Group on Fundamental Physical
Constants of CODATA (the Committee on Data of the International Science
Council). The method involves increasing the reported uncertainties by a mul-
tiplicative factor large enough to make the measurement results mutually con-
sistent. An alternative approach, predominant in the meta-analysis of medical
studies, involves inflating the reported uncertainties by combining them, us-
ing the root sum of squares, with a sufficiently large constant (often dubbed
dark uncertainty) that is estimated from the data.

In this contribution we establish a connection between the method based
on the Birge ratio and the location-scale model, which allows one to com-
bine the results of various studies, while the additive adjustment is reviewed
in the usual context of random-effects models. Framing these alternative ap-
proaches as statistical models facilitates a quantitative comparison of them
using statistical tools for model comparison. The intrinsic Bayes factor (IBF)
is derived for the Berger and Bernardo reference prior, and then it is used to
select a model for a set of measurements of the Newtonian constant of gravita-
tion (“Big G”) to estimate a consensus value for this constant and to evaluate
the associated uncertainty. Our empirical findings support the method based
on the Birge ratio. The same conclusion is reached when the IBF correspond-
ing to the Jeffreys prior is used and also when the comparison is based on the
Akaike information criterion (AIC). Finally, the results of a simulation study
indicate that the suggested procedure for model selection provides clear guid-
ance, even when the data comprise only a small number of measurements.
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Generalizing causal estimates in randomized experiments to a broader
target population is essential for guiding decisions by policymakers and prac-
titioners in the social and biomedical sciences. While recent papers have de-
veloped various weighting estimators for the population average treatment
effect (PATE), many of these methods result in large variance because the ex-
perimental sample often differs substantially from the target population and
estimated sampling weights are extreme. We investigate this practical prob-
lem motivated by an evaluation study of the Job Training Partnership Act
(JTPA), where we examine how well we can generalize the causal effect of
job training programs beyond a specific population of economically disadvan-
taged adults and youths. In particular, we propose post-residualized weight-
ing in which we use the outcome measured in the observational population
data to build a flexible predictive model (e.g., with machine learning) and
residualize the outcome in the experimental data before using conventional
weighting methods. We show that the proposed PATE estimator is consistent
under the same assumptions required for existing weighting methods, impor-
tantly without assuming the correct specification of the predictive model. We
demonstrate the efficiency gains from this approach through our JTPA appli-
cation: we find a reduction of between 5% and 25% in variance.
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Evaluating causal effects in the presence of interference is challenging in
network-based studies of hard-to-reach populations. Like many such popula-
tions, people who inject drugs (PWID) are embedded in social networks and
one person’s treatment can affect the outcomes of others in the network. In
our setting, the study design is observational with a nonrandomized network-
based HIV prevention intervention. Information is available on each partici-
pant and their connections that confer possible HIV risk through injection and
sexual behaviors. We considered two inverse probability weighted (IPW) es-
timators to quantify the population-level spillover effects of nonrandomized
interventions on subsequent health outcomes. We demonstrated that these two
IPW estimators are consistent, asymptotically normal, and derived a closed-
form estimator for the asymptotic variance, while allowing for overlapping
interference sets (groups of individuals in which the interference is assumed
possible). A simulation study was conducted to evaluate the finite-sample
performance of the estimators. We analyzed data from the Transmission Re-
duction Intervention Project which ascertained a network of PWID and their
contacts in Athens, Greece, from 2013 to 2015. We evaluated the effects of
community alerts on subsequent HIV risk behavior in this observed network,
where the connections or links between participants were defined by using
substances or having unprotected sex together. In the study, community alerts
were distributed to inform people of recent HIV infections among individ-
uals in close proximity in the observed network. The estimates of the risk
differences for spillover, using either IPW estimator demonstrated a protec-
tive effect. The results suggest that HIV risk behavior could be mitigated by
exposure to a community alert when an increased risk of HIV is detected in
the network.
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Tumor shape is a key factor that affects tumor growth and metastasis.
This paper proposes a topological feature computed by persistent homology
to characterize tumor progression from digital pathology and radiology im-
ages and examines its effect on the time-to-event data. The proposed topolog-
ical features are invariant to scale-preserving transformation and can summa-
rize various tumor shape patterns. The topological features are represented
in functional space and used as functional predictors in a functional Cox pro-
portional hazards model. The proposed model enables interpretable inference
about the association between topological shape features and survival risks.
Two case studies are conducted using consecutive 133 lung cancer and 77
brain tumor patients. The results of both studies show that the topological
features predict survival prognosis after adjusting clinical variables, and the
predicted high-risk groups have worse survival outcomes than the low-risk
groups. Also, the topological shape features found to be positively associated
with survival hazards are irregular and heterogeneous shape patterns which
are known to be related to tumor progression.
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Mutations in the BRCA1 and BRCA2 genes are known to be highly as-
sociated with breast cancer. Identifying both shared and unique transcript ex-
pression patterns in blood samples from these groups can shed insight into if
and how the disease mechanisms differ among individuals by mutation sta-
tus, but this is challenging in the high-dimensional setting. A recent method,
Bayesian multistudy factor analysis (BMSFA), identifies latent factors com-
mon to all studies (or equivalently, groups) and latent factors specific to indi-
vidual studies. However, BMSFA does not allow for factors shared by more
than one but less than all studies. This is critical in our context, as we may ex-
pect some but not all signals to be shared by BRCA1- and BRCA2-mutation
carriers but not necessarily other high-risk groups. We extend BMSFA by
introducing a new method, Tetris, for Bayesian combinatorial multistudy fac-
tor analysis which identifies latent factors that any combination of studies or
groups can share. We model the subsets of studies that share latent factors
with an Indian buffet process and offer a way to summarize uncertainty in the
sharing patterns using credible balls. We test our method with an extensive
range of simulations and showcase its utility not only in dimension reduction
but also in covariance estimation. When applied to transcript expression data
from high-risk families grouped by mutation status, Tetris reveals the fea-
tures and pathways characterizing each group and the sharing patterns among
them. Finally, we further extend Tetris to discover groupings of samples when
group labels are not provided which can elucidate additional structure in these
data.
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Comparative evaluation of forecasts of statistical functionals relies on
comparing averaged losses of competing forecasts after the realization of the
quantity Y , on which the functional is based, has been observed. Motivated by
high-frequency finance, in this paper we investigate how proxies Ỹ for Y—
say volatility proxies—which are observed together with Y can be utilized to
improve forecast comparisons. We extend previous results on robustness of
loss functions for the mean to general moments and ratios of moments, and
show in terms of the variance of differences of losses that using proxies will
increase the power in comparative forecast tests. These results apply both to
testing conditional as well as unconditional dominance. Finally, we numeri-
cally illustrate the theoretical results, both for simulated high-frequency data
as well as for high-frequency log returns of several cryptocurrencies.
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The study of temporal dynamics of gender and ethnic stereotypes is an
important topic in many disciplines at the intersection between statistics and
social sciences. In this paper we make use of word “embeddings,” a common
tool in natural language processing and of Bayesian nonparametric mixture
modeling for the analysis of temporal dynamics of gender stereotypes in ad-
jectives and occupation over the 20th and 21st centuries in the United States.
Our Bayesian nonparametric approach relies on a novel dependent Dirichlet
process prior, and it allows for both dynamic density estimation and dynamic
clustering of adjective embedding and occupation embedding biases in a hi-
erarchical setting. Posterior inference is performed through a particle Markov
chain Monte Carlo algorithm, which is simple and computationally efficient.
An application to time-dependent data for adjective embedding bias and for
occupation embedding bias shows that our approach enables the quantifica-
tion of historical trends of gender stereotypes and hence allows to identify
how specific adjectives and occupations have become more closely associ-
ated with a female rather than male over time.
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Even though many time series are sampled at different frequencies, their
joint evolution is usually modeled and analyzed at a common low frequency.
The mixed data sampling (MIDAS) framework was developed to enable joint
modeling of mixed frequency temporally evolving data with GDP forecast-
ing as a key motivating application. In this paper we develop a fully Bayesian
method to jointly estimate both the appropriate lag as well as the regression
coefficients in linear models wherein the response is measured at a lower
frequency than the predictors. This is accomplished through a novel prior
distribution, coined the Bayesian nested lasso (BNL), that leads to princi-
pled selection of the lag of the predictors, reduces the effective number of
model parameters through sparsity induced by the lasso component and fi-
nally incorporates desirable decay patterns over time lags in the magnitude of
the corresponding regression coefficients. Further, it is easy to obtain samples
from the posterior distribution due to the closed form expressions for the con-
ditional distributions of the model parameters. Numerical results, obtained
from synthetic and macroeconomic data, illustrate the good performance of
the proposed Bayesian framework in parameter selection and estimation and
in the key task of GDP forecasting.
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SPATIAL QUANTILE AUTOREGRESSION FOR SEASON WITHIN YEAR
DAILY MAXIMUM TEMPERATURE DATA

BY JORGE CASTILLO-MATEO1,a
 iD, JESÚS ASÍN1,b

 iD, ANA C. CEBRIÁN1,c
 iD,

ALAN E. GELFAND2,e
 iD AND JESÚS ABAURREA1,d

1Department of Statistical Methods, University of Zaragoza, ajorgecm@unizar.es, bjasin@unizar.es, cacebrian@unizar.es,
dabaurrea@unizar.es

2Department of Statistical Science, Duke University, ealan@stat.duke.edu

Regression is the most widely used modeling tool in statistics. Quantile
regression offers a strategy for enhancing the regression picture beyond cus-
tomary mean regression. With time-series data, we move to quantile autore-
gression and, finally, with spatially referenced time series, we move to space-
time quantile regression. Here, we are concerned with the spatiotemporal
evolution of daily maximum temperature, particularly with regard to extreme
heat. Our motivating data set is 60 years of daily summer maximum temper-
ature data over Aragón in Spain. Hence, we work with time on two scales—
days within summer season across years—collected at geocoded station lo-
cations. For a specified quantile, we fit a very flexible, mixed-effects autore-
gressive model, introducing four spatial processes. We work with asymmetric
Laplace errors to take advantage of the available conditional Gaussian rep-
resentation for these distributions. Further, while the autoregressive model
yields conditional quantiles, we demonstrate how to extract marginal quan-
tiles with the asymmetric Laplace specification. Thus, we are able to interpo-
late quantiles for any days within years across our study region.
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In many applications of business and marketing analytics, predictive
models are fit using hierarchically structured data: common characteristics of
products, customers, or web pages are represented as categorical variables,
and each category can be split up into multiple subcategories at a lower level
of the hierarchy. The model may thus contain hundreds of thousands of bi-
nary variables, necessitating the use of variable selection to screen out large
numbers of irrelevant or insignificant features. We propose a new dynamic
screening method, based on the distance correlation criterion, designed for
hierarchical binary data. Our method can screen out large parts of the hierar-
chy at the higher levels, avoiding the need to explore many lower-level fea-
tures and greatly reducing the computational cost of screening. The practical
potential of the method is demonstrated in a case application on user-brand
interaction data from Facebook.
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Missing values among variables present a challenge in variable selection
in the generalized linear model. Common strategies that delete observations
with missing information may cause serious information loss. Multiple im-
putation has been widely used in recent years because it provides unbiased
statistical results given a correctly specified imputation model and considers
the uncertainty of the missing data. However, variable selection methods in
the generalized linear model with multiply-imputed data have not yet been
studied widely. In this study, we introduce penalized estimating equations for
generalized linear models with multiple imputation (PEE–MI), which incor-
porates the correlation of multiple imputed observations into the objective
function. The theoretical performance of the proposed PEE–MI depends on
the penalized function adopted. We use the adaptive least absolute shrinkage
and selection operator (adaptive LASSO) as an illustrating example. Simula-
tions show that PEE–MI outperforms the alternatives. The proposed method
is shown to select variables with clinical relevance when applied to a database
of laboratory-diagnosed A/H7N9 patients in the Zhejiang province, China.
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With modern calcium imaging technology, activities of thousands of neu-
rons can be recorded in vivo. These experiments can potentially provide new
insights into intrinsic functional neuronal connectivity, defined as contem-
poraneous correlations between neuronal activities. As a common tool for
estimating conditional dependencies in high-dimensional settings, graphical
models are a natural choice for estimating functional connectivity networks.
However, raw neuronal activity data presents a unique challenge: the rele-
vant information in the data lies in rare extreme value observations that in-
dicate neuronal firing rather than in the observations near the mean. Existing
graphical modeling techniques for extreme values rely on binning or thresh-
olding observations which may not be appropriate for calcium imaging data.
In this paper we develop a novel class of graphical models, called the Sub-
botin graphical model, which finds sparse conditional dependency structures
with respect to the extreme value observations without requiring data pre-
processing. We first derive the form of the Subbotin graphical model and
show the conditions under which it is normalizable. We then study the em-
pirical performance of the Subbotin graphical model and compare it to exist-
ing extreme value graphical modeling techniques and functional connectivity
models from neuroscience through several simulation studies as well as a
real-world calcium imaging data example.
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We provide an online framework for analyzing data recorded by smart
watches during running activities. In particular, we focus on identifying vari-
ations in the behavior of one or more measurements caused by changes in
physical condition, such as physical discomfort, periods of prolonged de-
training, or even the malfunction of measuring devices. Our framework con-
siders data as a sequence of running activities represented by multivariate
time series of physical and biometric data. We combine classical changepoint
detection models with an unknown number of components with Gaussian
state space models to detect distributional changes between a sequence of
activities. The model considers multiple sources of dependence due to the se-
quential nature of subsequent activities, the autocorrelation structure within
each activity, and the contemporaneous dependence between different vari-
ables. We provide an online expectation-maximization (EM) algorithm in-
volving a sequential Monte Carlo (SMC) approximation of changepoint pre-
dicted probabilities. As a byproduct of our model assumptions, our proposed
approach processes sequences of multivariate time series in a doubly-online
framework. While classical changepoint models detect changes between sub-
sequent activities, the state space framework, coupled with the online EM
algorithm, provides the additional benefit of estimating the real-time proba-
bility that a current activity is a changepoint.
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The SNP-set analysis is a powerful tool for dissecting the genetics of
complex human diseases. There are three fundamental genetic association ap-
proaches to SNR-set analysis: the marginal model fitting approach, the joint
model fitting approach, and the decorrelation approach. A problem of pri-
mary interest is how these approaches compare with each other. To address
this problem, we develop a theoretical platform to compare the signal-to-
noise ratio (SNR) of these approaches under the generalized linear model.
We elaborate how causal genetic effects give rise to statistically detectable
association signals and show that, when causal effects spread over blocks of
strong linkage disequilibrium (LD), the SNR of the marginal model fitting
is usually higher than that of the decorrelation approach which, in turn, is
higher than that of the unbiased joint model fitting approach. We also scruti-
nize dense effects and LDs by a bivariate model and extensive simulations us-
ing the 1000 Genome Project data. Last, we compare the statistical power of
two generic types of SNP-set tests (summation-based and supremum-based)
by simulations and an osteoporosis study using large data from UK Biobank.
Our results help develop powerful tools for SNP-set analysis and understand
the signal detection problem in the presence of colored noise.
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A dynamic treatment regimes (DTR) represents a statistical paradigm in
precision medicine which aims to optimize patient outcomes by individualiz-
ing treatments. At its simplest, a DTR may require only a single decision to
be made; this special case is called an individualized treatment rule (ITR) and
is often used to maximize short-term rewards. Generalized dynamic weighted
ordinary least squares (G-dWOLS), a DTR estimation method that offers the-
oretical advantages such as double robustness of parameter estimators in the
decision rules, has been recently extended to accommodate categorical treat-
ments. In this work G-dWOLS is applied to longitudinal data to estimate an
optimal ITR. This novel method is demonstrated in simulations and is then
applied to a population affected by HIV, whereby an ITR for the adminis-
tration of Interleukin 7 (IL-7) is devised to maximize the duration where the
CD4 load is above a healthy threshold (500 cells/μL) while preventing the
administration of unnecessary injections.

REFERENCES

AUSTIN, P. C. (2018). Assessing the performance of the generalized propensity score for estimating the ef-
fect of quantitative or continuous exposures on binary outcomes. Stat. Med. 37 1874–1894. MR3799846
https://doi.org/10.1002/sim.7615

AUSTIN, P. C. and STUART, E. A. (2015). Moving towards best practice when using inverse probability of
treatment weighting (IPTW) using the propensity score to estimate causal treatment effects in observational
studies. Stat. Med. 34 3661–3679. MR3422140 https://doi.org/10.1002/sim.6607

CHAKRABORTY, B. and MOODIE, E. E. M. (2013). Statistical Methods for Dynamic Treatment Regimes. Statis-
tics for Biology and Health. Springer, New York. MR3112454 https://doi.org/10.1007/978-1-4614-7428-9

DIGGLE, P. J., HEAGERTY, P. J., LIANG, K.-Y. and ZEGER, S. L. (2002). Analysis of Longitudinal Data, 2nd
ed. Oxford Statistical Science Series 25. Oxford Univ. Press, Oxford. MR2049007

DONG, L., MOODIE, E. E., VILLAIN, L. and THIÉBAUT, R. (2023). Supplement to “Evaluating the use of gener-
alized dynamic weighted ordinary least squares for individualized HIV treatment strategies.” https://doi.org/10.
1214/22-AOAS1726SUPP

DOUEK, D. C., ROEDERER, M. and KOUP, R. A. (2009). Emerging concepts in the immunopathogenesis of
AIDS. Annu. Rev. Med. 60 471–484. https://doi.org/10.1146/annurev.med.60.041807.123549

EFRON, B. (1979). Bootstrap methods: Another look at the jackknife. Ann. Statist. 7 1–26. MR0515681
FLURY, B. K. and RIEDWYL, H. (1986). Standard distance in univariate and multivariate analysis. Amer. Statist.

40 249–251.
GELBER, R. D., GOLDHIRSCH, A. and CAVALLI, F. (1991). Quality-of-life-adjusted evaluation of adjuvant

therapies for operable breast cancer. The international breast cancer study group. Ann. Intern. Med. 114 621–
628. https://doi.org/10.7326/0003-4819-114-8-621

GELBER, R. D., COLE, B. F., GELBER, S. and GOLDHIRSCH, A. (1995). Comparing treatments using quality-
adjusted survival: The Q-TWiST method. Amer. Statist. 49 161–169.

Key words and phrases. Dynamic treatment regime, adaptive treatment strategy, precision medicine, individu-
alized treatment rule, longitudinal data, HIV.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/22-AOAS1726
http://www.imstat.org
mailto:larry.dong@mail.mcgill.ca
mailto:erica.moodie@mcgill.ca
mailto:laura.villain@u-bordeaux.fr
mailto:rodolphe.thiebaut@u-bordeaux.fr
https://mathscinet.ams.org/mathscinet-getitem?mr=3799846
https://doi.org/10.1002/sim.7615
https://mathscinet.ams.org/mathscinet-getitem?mr=3422140
https://doi.org/10.1002/sim.6607
https://mathscinet.ams.org/mathscinet-getitem?mr=3112454
https://doi.org/10.1007/978-1-4614-7428-9
https://mathscinet.ams.org/mathscinet-getitem?mr=2049007
https://doi.org/10.1214/22-AOAS1726SUPP
https://doi.org/10.1146/annurev.med.60.041807.123549
https://mathscinet.ams.org/mathscinet-getitem?mr=0515681
https://doi.org/10.7326/0003-4819-114-8-621
https://doi.org/10.1214/22-AOAS1726SUPP


GLASZIOU, P. P., COLE, B. F., GELBER, R. D., HILDEN, J. and SIMES, R. J. (1998). Quality adjusted sur-
vival analysis with repeated quality of life measures. Stat. Med. 17 1215–1229. https://doi.org/10.1002/(sici)
1097-0258(19980615)17:11<1215::aid-sim844>3.0.co;2-y

GRABAR, S., LE MOING, V., GOUJARD, C., LEPORT, C., KAZATCHKINE, M. D., COSTAGLIOLA, D. and
WEISS, L. (2000). Clinical outcome of patients with HIV-1 infection according to immunologic and virologic
response after 6 months of highly active antiretroviral therapy. Ann. Intern. Med. 133 401–410.

JARNE, A., COMMENGES, D., VILLAIN, L., PRAGUE, M., LÉVY, Y. and THIÉBAUT, R. (2017). Modeling
CD4+ T cells dynamics in HIV-infected patients receiving repeated cycles of exogenous Interleukin 71. Ann.
Appl. Stat. 11 1593–1616. MR3709571 https://doi.org/10.1214/17-AOAS1047

KLEINBERG, J. and TARDOS, E. (2006). Algorithm Design. Pearson Education, India.
KOSOROK, M. R. and MOODIE, E. E. (2015). Adaptive Treatment Strategies in Practice: Planning Trials and

Analyzing Data for Personalized Medicine 21. SIAM, Pennsylvania, USA.
LAWSON, B. R., GONZALEZ-QUINTIAL, R., ELEFTHERIADIS, T., FARRAR, M. A., MILLER, S. D.,

SAUER, K., MCGAVERN, D. B., KONO, D. H., BACCALA, R. et al. (2015). Interleukin-7 is required for
CD4(+) T cell activation and autoimmune neuroinflammation. Clin. Immunol. 161 260–269. https://doi.org/10.
1016/j.clim.2015.08.007

LEVY, Y., LACABARATZ, C., WEISS, L., VIARD, J.-P., GOUJARD, C., LELIÈVRE, J.-D., BOUÉ, F.,
MOLINA, J.-M., ROUZIOUX, C. et al. (2009). Enhanced T cell recovery in HIV-1–infected adults through
IL-7 treatment. J. Clin. Invest. 119 997–1007.

LEVY, Y., SERETI, I., TAMBUSSI, G., ROUTY, J., LELIEVRE, J., DELFRAISSY, J., MOLINA, J., FISCHL, M.,
GOUJARD, C. et al. (2012). Effects of recombinant human Interleukin 7 on T-cell recovery and thymic out-
put in HIV-infected patients receiving antiretroviral therapy: Results of a phase I/IIa randomized, placebo-
controlled, multicenter study. Clin. Infect. Dis. 55 291–300.

LEWDEN, C., CHÊNE, G., MORLAT, P., RAFFI, F., DUPON, M., DELLAMONICA, P., PELLEGRIN, J.-L., KAT-
LAMA, C., DABIS, F. et al. (2007). HIV-infected adults with a CD4 cell count greater than 500 cells/mm3 on
long-term combination antiretroviral therapy reach same mortality rates as the general population. J. Acquir.
Immune Defic. Syndr. 46 72–77.

LIU, N., LIU, Y., LOGAN, B., XU, Z., TANG, J. and WANG, Y. (2019). Learning the dynamic treatment regimes
from medical registry data through deep Q-network. Sci. Rep. 9 1–10.

LOGEROT, S., RANCEZ, M., MUYLDER, B. C., FIGUEIREDO-MORGADO, S., ROZLAN, S., TAMBUSSI, G.,
BEQ, S., COUËDEL-COURTEILLE, A. and CHEYNIER, R. (2018). HIV reservoir dynamics in HAART-treated
poor immunological responder patients under IL-7 therapy. AIDS 32 715–720. https://doi.org/10.1097/QAD.
0000000000001752

MACKALL, C. L., FRY, T. J. and GRESS, R. E. (2011). Harnessing the biology of IL-7 for therapeutic applica-
tion. Nat. Rev., Immunol. 11 330–342. https://doi.org/10.1038/nri2970

MOODIE, E. E. M., CHAKRABORTY, B. and KRAMER, M. S. (2012). Q-learning for estimating optimal dynamic
treatment rules from observational data. Canad. J. Statist. 40 629–645. MR2998853 https://doi.org/10.1002/
cjs.11162

MURPHY, S. A. (2005a). An experimental design for the development of adaptive treatment strategies. Stat. Med.
24 1455–1481. MR2137651 https://doi.org/10.1002/sim.2022

MURPHY, S. A. (2005b). A generalization error for Q-learning. J. Mach. Learn. Res. 6 1073–1097. MR2249849
OPPORTUNISTIC INFECTIONS PROJECT TEAM OF THE COLLABORATION OF OBSERVATIONAL HIV EPIDEMI-

OLOGICAL RESEARCH IN EUROPE (COHERE) IN EUROCOORD (2012). CD4 cell count and the risk of
AIDS or death in HIV-infected adults on combination antiretroviral therapy with a suppressed viral load: A
longitudinal cohort study from COHERE. PLoS Med. 9.

PAPADOGEORGOU, G., CHOIRAT, C. and ZIGLER, C. M. (2019). Adjusting for unmeasured spatial confounding
with distance adjusted propensity score matching. Biostatistics 20 256–272. MR3922132 https://doi.org/10.
1093/biostatistics/kxx074

PASIN, C., DUFOUR, F., VILLAIN, L., ZHANG, H. and THIÉBAUT, R. (2018). Controlling IL-7 injec-
tions in HIV-infected patients. Bull. Math. Biol. 80 2349–2377. MR3844626 https://doi.org/10.1007/
s11538-018-0465-8

PETERSEN, M. L., DEEKS, S. G. and VAN DER LAAN, M. J. (2007). Individualized treatment rules: Generating
candidate clinical trials. Stat. Med. 26 4578–4601. MR2411889 https://doi.org/10.1002/sim.2888

PRAGUE, M., COMMENGES, D., DRYLEWICZ, J. and THIÉBAUT, R. (2012). Treatment monitoring of HIV-
infected patients based on mechanistic models. Biometrics 68 902–911. MR3055195 https://doi.org/10.1111/
j.1541-0420.2012.01749.x

QI, Z., LIU, D., FU, H. and LIU, Y. (2020). Multi-armed angle-based direct learning for estimating optimal
individualized treatment rules with various outcomes. J. Amer. Statist. Assoc. 115 678–691. MR4107672
https://doi.org/10.1080/01621459.2018.1529597

https://doi.org/10.1002/(sici)1097-0258(19980615)17:11<1215::aid-sim844>3.0.co;2-y
https://mathscinet.ams.org/mathscinet-getitem?mr=3709571
https://doi.org/10.1214/17-AOAS1047
https://doi.org/10.1016/j.clim.2015.08.007
https://doi.org/10.1097/QAD.0000000000001752
https://doi.org/10.1038/nri2970
https://mathscinet.ams.org/mathscinet-getitem?mr=2998853
https://doi.org/10.1002/cjs.11162
https://mathscinet.ams.org/mathscinet-getitem?mr=2137651
https://doi.org/10.1002/sim.2022
https://mathscinet.ams.org/mathscinet-getitem?mr=2249849
https://mathscinet.ams.org/mathscinet-getitem?mr=3922132
https://doi.org/10.1093/biostatistics/kxx074
https://mathscinet.ams.org/mathscinet-getitem?mr=3844626
https://doi.org/10.1007/s11538-018-0465-8
https://mathscinet.ams.org/mathscinet-getitem?mr=2411889
https://doi.org/10.1002/sim.2888
https://mathscinet.ams.org/mathscinet-getitem?mr=3055195
https://doi.org/10.1111/j.1541-0420.2012.01749.x
https://mathscinet.ams.org/mathscinet-getitem?mr=4107672
https://doi.org/10.1080/01621459.2018.1529597
https://doi.org/10.1002/(sici)1097-0258(19980615)17:11<1215::aid-sim844>3.0.co;2-y
https://doi.org/10.1016/j.clim.2015.08.007
https://doi.org/10.1097/QAD.0000000000001752
https://doi.org/10.1002/cjs.11162
https://doi.org/10.1093/biostatistics/kxx074
https://doi.org/10.1007/s11538-018-0465-8
https://doi.org/10.1111/j.1541-0420.2012.01749.x


RAMASWAMI, R., BAYER, R. and GALEA, S. (2018). Precision medicine from a public health perspective. Annu.
Rev. Public Health 39 153–168. https://doi.org/10.1146/annurev-publhealth-040617-014158

ROBINS, J. M. (2004). Optimal structural nested models for optimal sequential decisions. In Proceedings of the
Second Seattle Symposium in Biostatistics. Lect. Notes Stat. 179 189–326. Springer, New York. MR2129402
https://doi.org/10.1007/978-1-4419-9076-1_11

ROSENBAUM, P. R. and RUBIN, D. B. (1983). The central role of the propensity score in observational studies
for causal effects. Biometrika 70 41–55. MR0742974 https://doi.org/10.1093/biomet/70.1.41

ROSENBERG, S. A., SPORTÈS, C., AHMADZADEH, M., FRY, T. J., NGO, L. T., SCHWARZ, S. L., STETLER-
STEVENSON, M., MORTON, K. E., MAVROUKAKIS, S. A. et al. (2006). IL-7 administration to humans leads
to expansion of CD8+ and CD4+ cells but a relative decrease of CD4+ T-regulatory cells. J. Immunother. 29
313.

SCHULZ, J. and MOODIE, E. E. M. (2021). Doubly robust estimation of optimal dosing strategies. J. Amer.
Statist. Assoc. 116 256–268. MR4227692 https://doi.org/10.1080/01621459.2020.1753521

SIMONEAU, G., MOODIE, E. E. M., NIJJAR, J. S., PLATT, R. W. and THE SCOTTISH EARLY RHEUMA-
TOID ARTHRITIS INCEPTION COHORT INVESTIGATORS (2020). Estimating optimal dynamic treatment
regimes with survival outcomes. J. Amer. Statist. Assoc. 115 1531–1539. MR4143483 https://doi.org/10.1080/
01621459.2019.1629939

SPORTÈS, C., HAKIM, F. T., MEMON, S. A., ZHANG, H., CHUA, K. S., BROWN, M. R., FLEISHER, T. A.,
KRUMLAUF, M. C., BABB, R. R. et al. (2008). Administration of rhIL-7 in humans increases in vivo TCR
repertoire diversity by preferential expansion of naive T cell subsets. J. Exp. Med. 205 1701–1714.

STUART, E. A., LEE, B. K. and LEACY, F. P. (2013). Prognostic score–based balance measures can be a useful
diagnostic for propensity score methods in comparative effectiveness research. J. Clin. Epidemiol. 66 S84–S90.

SULLIVAN PEPE, M. and ANDERSON, G. L. (1994). A cautionary note on inference for marginal regression
models with longitudinal data and general correlated response data. Comm. Statist. Simulation Comput. 23
939–951.

SURH, C. D. and SPRENT, J. (2005). Regulation of mature T cell homeostasis. Semin. Immunol. 17 183–191.
https://doi.org/10.1016/j.smim.2005.02.007

SURH, C. D. and SPRENT, J. (2008). Homeostasis of naive and memory T cells. Immunity 29 848–862.
https://doi.org/10.1016/j.immuni.2008.11.002

TAO, Y., WANG, L. and ALMIRALL, D. (2018). Tree-based reinforcement learning for estimating optimal dy-
namic treatment regimes. Ann. Appl. Stat. 12 1914–1938. MR3852703 https://doi.org/10.1214/18-AOAS1137

THALL, P. F., NGUYEN, H. Q., BRAUN, T. M. and QAZILBASH, M. H. (2013). Using joint utilities of the times
to response and toxicity to adaptively optimize schedule-dose regimes. Biometrics 69 673–682. MR3106595
https://doi.org/10.1111/biom.12065

THIÉBAUT, R., DRYLEWICZ, J., PRAGUE, M., LACABARATZ, C., BEQ, S., JARNE, A., CROUGHS, T.,
SEKALY, R.-P., LEDERMAN, M. M. et al. (2014). Quantifying and predicting the effect of exogenous
Interleukin-7 on CD4+ T cells in HIV-1 infection. PLoS Comput. Biol. 10 e1003630.

THIÉBAUT, R., JARNE, A., ROUTY, J.-P., SERETI, I., FISCHL, M., IVE, P., SPECK, R. F., D’OFFIZI, G.,
CASARI, S. et al. (2016). Repeated cycles of recombinant human Interleukin 7 in HIV-infected patients with
low CD4 T-cell reconstitution on antiretroviral therapy: Results of 2 phase II multicenter studies. Clin. Infect.
Dis. 62 1178–1185.

VILLAIN, L., COMMENGES, D., PASIN, C., PRAGUE, M. and THIÉBAUT, R. (2019). Adaptive protocols
based on predictions from a mechanistic model of the effect of IL7 on CD4 counts. Stat. Med. 38 221–235.
MR3892816 https://doi.org/10.1002/sim.7957

WALLACE, M. P. and MOODIE, E. E. M. (2015). Doubly-robust dynamic treatment regimen estimation via
weighted least squares. Biometrics 71 636–644. MR3402599 https://doi.org/10.1111/biom.12306

XUE, F., ZHANG, Y., ZHOU, W., FU, H. and QU, A. (2022). Multicategory angle-based learning for estimating
optimal dynamic treatment regimes with censored data. J. Amer. Statist. Assoc. 117 1438–1451. MR4480723
https://doi.org/10.1080/01621459.2020.1862671

YANG, D. and DALTON, J. E. (2012). A unified approach to measuring the effect size between two groups using
SAS. In SAS Global Forum 335 1–6.

https://doi.org/10.1146/annurev-publhealth-040617-014158
https://mathscinet.ams.org/mathscinet-getitem?mr=2129402
https://doi.org/10.1007/978-1-4419-9076-1_11
https://mathscinet.ams.org/mathscinet-getitem?mr=0742974
https://doi.org/10.1093/biomet/70.1.41
https://mathscinet.ams.org/mathscinet-getitem?mr=4227692
https://doi.org/10.1080/01621459.2020.1753521
https://mathscinet.ams.org/mathscinet-getitem?mr=4143483
https://doi.org/10.1080/01621459.2019.1629939
https://doi.org/10.1016/j.smim.2005.02.007
https://doi.org/10.1016/j.immuni.2008.11.002
https://mathscinet.ams.org/mathscinet-getitem?mr=3852703
https://doi.org/10.1214/18-AOAS1137
https://mathscinet.ams.org/mathscinet-getitem?mr=3106595
https://doi.org/10.1111/biom.12065
https://mathscinet.ams.org/mathscinet-getitem?mr=3892816
https://doi.org/10.1002/sim.7957
https://mathscinet.ams.org/mathscinet-getitem?mr=3402599
https://doi.org/10.1111/biom.12306
https://mathscinet.ams.org/mathscinet-getitem?mr=4480723
https://doi.org/10.1080/01621459.2020.1862671
https://doi.org/10.1080/01621459.2019.1629939


The Annals of Applied Statistics
2023, Vol. 17, No. 3, 2452–2472
https://doi.org/10.1214/22-AOAS1727
© Institute of Mathematical Statistics, 2023

IMPUTATION SCORES

BY JEFFREY NÄFa, META-LINA SPOHNb, LORIS MICHELc AND

NICOLAI MEINSHAUSENd

Seminar for Statistics, ETH Zürich, anaef@stat.math.ethz.ch, bspohn@stat.math.ethz.ch, cloris.michel@gmail.com,
dmeinshausen@stat.math.ethz.ch

Given the prevalence of missing data in modern statistical research, a
broad range of methods is available for any given imputation task. How does
one choose the “best” imputation method in a given application? The standard
approach is to select some observations, set their status to missing, and com-
pare prediction accuracy of the methods under consideration of these obser-
vations. Besides having to somewhat artificially mask observations, a short-
coming of this approach is that imputations based on the conditional mean
will rank highest if predictive accuracy is measured with quadratic loss. In
contrast, we want to rank highest an imputation that can sample from the
true conditional distributions. In this paper we develop a framework called
“Imputation Scores” (I-Scores) for assessing missing value imputations. We
provide a specific I-Score, based on density ratios and projections, that is
applicable to discrete and continuous data. It does not require to mask addi-
tional observations for evaluations and is also applicable if there are no com-
plete observations. The population version is shown to be proper in the sense
that the highest rank is assigned to an imputation method that samples from
the correct conditional distribution. The propriety is shown under the miss-
ing completely at random (MCAR) assumption but is also shown to be valid
under missing at random (MAR) with slightly more restrictive assumptions.
We show empirically on a range of data sets and imputation methods that
our score consistently ranks true data high(est) and is able to avoid pitfalls
usually associated with performance measures such as RMSE. Finally, we
provide the R-package Iscores available on CRAN with an implementation
of our method.
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We develop a novel doubly-robust (DR) imputation framework for longi-
tudinal studies with monotone dropout, motivated by the informative dropout
that is common in FDA-regulated trials for Alzheimer’s disease. In this ap-
proach the missing data are first imputed using a doubly-robust augmented
inverse probability weighting (AIPW) estimator; then the imputed completed
data are substituted into a full-data estimating equation, and the estimate is
obtained using standard software. The imputed completed data may be in-
spected and compared to the observed data, and standard model diagnostics
are available. The same imputed completed data can be used for several dif-
ferent estimands, such as subgroup analyses in a clinical trial, allowing for
reduced computation and increased consistency across analyses. We present
two specific DR imputation estimators, AIPW-I and AIPW-S, study their the-
oretical properties, and investigate their performance by simulation. AIPW-
S has substantially reduced computational burden, compared to many other
DR estimators, at the cost of some loss of efficiency and the requirement
of stronger assumptions. Simulation studies support the theoretical proper-
ties and good performance of the DR imputation framework. Importantly, we
demonstrate their ability to address time-varying covariates, such as a time by
treatment interaction. We illustrate using data from a large randomized Phase
III trial, investigating the effect of donepezil in Alzheimer’s disease, from the
Alzheimer’s Disease Cooperative Study (ADCS) group.
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Research on growth mixture models (GMMs) for analyzing data from a
complex sample survey is sparse. Existing methods use pseudo-likelihood in
which survey weights are incorporated into the likelihood function, with vari-
ance estimated via linearization or resampling techniques. Despite popularity
of the pseudo-likelihood approach, weighted estimation introduces the risk
of efficiency loss. In this paper we propose a Bayesian GMM for complex
survey data in which sample design features, such as stratification, cluster-
ing, and unequal probability of selection, are incorporated as covariates or
hierarchical variance components. The Bayesian GMM can yield a reduction
in bias in the estimation of regression coefficients when design features are
associated with survey outcomes, and can lead to more efficient estimates
than the pseudo-likelihood estimators when the design is noninformative. We
develop an efficient Gibbs sampler that includes only closed-form full con-
ditional distributions for model fitting. We present the results of a careful
analysis of data from the Galveston Bay Recovery Study (GBRS) which used
a stratified multi-stage cluster sample design. Using our proposed Bayesian
GMM, we characterize longitudinal trajectories of post-traumatic stress dis-
order (PTSD) among residents of southeastern Texas in the aftermath of Hur-
ricane Ike. We identify four clinically meaningful PTSD trajectory subgroups
and characterize risk factors associated with subgroup membership. In the
absence of existing software that can be used to implement our proposed
Bayesian GMM for complex survey data, we built the R package Bsvygmm
for model fitting, selection, and checking which can be downloaded from
https://github.com/anthopolos/Bsvygmm.

REFERENCES

ABDALLA, A. and MICHAEL, S. (2019). Finite mixture of regression models for a stratified sample. J. Stat.
Comput. Simul. 89 2782–2800. MR3979730 https://doi.org/10.1080/00949655.2019.1636990

AITCHISON, J. and BENNETT, J. A. (1970). Polychotomous quantal response by maximum indicant. Biometrika
57 253–262.

ALBERT, J. H. and CHIB, S. (1993). Bayesian analysis of binary and polychotomous response data. J. Amer.
Statist. Assoc. 88 669–679. MR1224394

ANTHOPOLOS, R., CHEN, Q., SEDRANSK, J., THOMPSON, M., MENG, G. and GALEA, S. (2023). Supplement
to “A Bayesian growth mixture model for complex survey data: Clustering postdisaster PTSD trajectories.”
https://doi.org/10.1214/23-AOAS1729SUPPA, https://doi.org/10.1214/23-AOAS1729SUPPB

ARIYO, O., LESAFFRE, E., VERBEKE, G., HUISMAN, M., HEYMANS, M. and TWISK, J. (2022). Bayesian
model selection for multilevel mediation models. Stat. Neerl. 76 219–235. MR4423266 https://doi.org/10.
1111/stan.12256

Key words and phrases. Complex survey sample, Gibbs sampling, growth mixture model, post-traumatic stress
disorder, spatial modeling.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1729
http://www.imstat.org
mailto:rebecca.anthopolos@nyulangone.org
mailto:qc2138@cumc.columbia.edu
mailto:jxs123@cwru.edu
mailto:methompson@uwaterloo.ca
mailto:gmeng@uwaterloo.ca
mailto:sgalea@bu.edu
https://github.com/anthopolos/Bsvygmm
https://mathscinet.ams.org/mathscinet-getitem?mr=3979730
https://doi.org/10.1080/00949655.2019.1636990
https://mathscinet.ams.org/mathscinet-getitem?mr=1224394
https://doi.org/10.1214/23-AOAS1729SUPPA
https://doi.org/10.1214/23-AOAS1729SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=4423266
https://doi.org/10.1111/stan.12256
https://doi.org/10.1111/stan.12256


ASPAROUHOV, T. (2005). Sampling weights in latent variable modeling. Struct. Equ. Model. 12 411–434.
MR2145982 https://doi.org/10.1207/s15328007sem1203_4

BESAG, J. (1974). Spatial interaction and the statistical analysis of lattice systems. J. Roy. Statist. Soc. Ser. B 36
192–236. MR0373208

BESAG, J. and KOOPERBERG, C. (1995). On conditional and intrinsic autoregressions. Biometrika 82 733–746.
MR1380811 https://doi.org/10.1093/biomet/82.4.733

BEST, N. G., SPIEGELHALTER, D. J., THOMAS, A. and BRAYNE, C. E. G. (1996). Bayesian analysis of realis-
tically complex models. J. Roy. Statist. Soc. Ser. A 159 323–342.

BONANNO, G. A. and DIMINICH, E. D. (2013). Annual research review: Positive adjustment to adversity–
trajectories of minimal-impact resilience and emergent resilience. J. Child Psychol. Psychiatry 54 378–401.
https://doi.org/10.1111/jcpp.12021

BUNCH, D. S. (1991). Estimability in the multinomial probit model. Transp. Res., Part B, Methodol. 25 1–12.
MR1093617 https://doi.org/10.1016/0191-2615(91)90009-8

CELEUX, G., FORBES, F., ROBERT, C. P. and TITTERINGTON, D. M. (2006). Deviance information criteria for
missing data models. Bayesian Anal. 1 651–673. MR2282197 https://doi.org/10.1214/06-BA122

CHAMBERS, R. L. (2003). Introduction to Part A [Approaches to inference]. In Analysis of Survey Data
(Southampton, 1999). Wiley Ser. Surv. Methodol. 13–28. Wiley, Chichester. MR1978841 https://doi.org/10.
1002/0470867205

CHEN, Q., ELLIOTT, M. R. and LITTLE, R. J. A. (2010). Bayesian penalized spline model-based inference for
finite population proportion in unequal probability sampling. Surv. Methodol. 36 23–34.

CHEN, M. H., SHAO, Q. M. and IBRAHIM, J. G. (2012). Monte Carlo Methods in Bayesian Computation.
Springer, Berlin.

CHEN, Q., ELLIOTT, M. R., HAZIZA, D., YANG, Y., GHOSH, M., LITTLE, R. J. A., SEDRANSK, J. and
THOMPSON, M. (2017). Approaches to improving survey-weighted estimates. Statist. Sci. 32 227–248.
MR3648957 https://doi.org/10.1214/17-STS609

CHIB, S. and CARLIN, B. P. (1999). On MCMC sampling in hierarchical longitudinal models. Stat. Comput. 9
17–26.

COLE, V. T. and BAUER, D. J. (2016). A note on the use of mixture models for individual prediction. Struct.
Equ. Model. 23 615–631. MR3508463 https://doi.org/10.1080/10705511.2016.1168266

DAGANZO, C. (1979). Multinomial Probit. Economic Theory, Econometrics, and Mathematical Economics: The
Theory and Its Application to Demand Forecasting. Academic Press [Harcourt Brace Jovanovich, Publishers],
New York-London-Toronto, Ont.. MR0567139

ELLIOTT, M. R., GALLO, J. J., HAVE, T. R. T., BOGNER, H. R. and KATZ, I. R. (2005). Using a Bayesian
latent growth curve model to identify trajectories of positive affect and negative events following myocardial
infarction. Biostatistics 6 119–143. https://doi.org/10.1093/biostatistics/kxh022

FITZMAURICE, G. M., LAIRD, N. M. and WARE, J. H. (2012). Applied Longitudinal Analysis 998. Wiley, New
York.

FRALEY, C. and RAFTERY, A. E. (2002). Model-based clustering, discriminant analysis, and density estimation.
J. Amer. Statist. Assoc. 97 611–631. MR1951635 https://doi.org/10.1198/016214502760047131

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

FRÜHWIRTH-SCHNATTER, S., CELEUX, G. and ROBERT, C. P., eds. (2019). Handbook of Mixture Analysis.
Chapman & Hall/CRC Handbooks of Modern Statistical Methods. CRC Press, Boca Raton, FL. MR3889980

FRÜHWIRTH-SCHNATTER, S. and PYNE, S. (2010). Bayesian inference for finite mixtures of univariate and mul-
tivariate skew-normal and skew-t distributions. Biostatistics 11 317–336. https://doi.org/10.1093/biostatistics/
kxp062

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

FULLER, W. A. (2011). Sampling Statistics. Wiley, Hoboken, NJ.
GARRETT, E. S. and ZEGER, S. L. (2000). Latent class model diagnosis. Biometrics 56 1055–1067. MR1815583

https://doi.org/10.1111/j.0006-341X.2000.01055.x
GEISSER, S. and EDDY, W. F. (1979). A predictive approach to model selection. J. Amer. Statist. Assoc. 74

153–160. MR0529531
GELFAND, A. E. and DEY, D. K. (1994). Bayesian model choice: Asymptotics and exact calculations. J. Roy.

Statist. Soc. Ser. B 56 501–514. MR1278223
GELMAN, A. (2006). Prior distributions for variance parameters in hierarchical models (comment on article by

Browne and Draper). Bayesian Anal. 1 515–533. MR2221284 https://doi.org/10.1214/06-BA117A
GELMAN, A., MENG, X.-L. and STERN, H. (1996). Posterior predictive assessment of model fitness via realized

discrepancies. Statist. Sinica 6 733–807. MR1422404

https://mathscinet.ams.org/mathscinet-getitem?mr=2145982
https://doi.org/10.1207/s15328007sem1203_4
https://mathscinet.ams.org/mathscinet-getitem?mr=0373208
https://mathscinet.ams.org/mathscinet-getitem?mr=1380811
https://doi.org/10.1093/biomet/82.4.733
https://doi.org/10.1111/jcpp.12021
https://mathscinet.ams.org/mathscinet-getitem?mr=1093617
https://doi.org/10.1016/0191-2615(91)90009-8
https://mathscinet.ams.org/mathscinet-getitem?mr=2282197
https://doi.org/10.1214/06-BA122
https://mathscinet.ams.org/mathscinet-getitem?mr=1978841
https://doi.org/10.1002/0470867205
https://mathscinet.ams.org/mathscinet-getitem?mr=3648957
https://doi.org/10.1214/17-STS609
https://mathscinet.ams.org/mathscinet-getitem?mr=3508463
https://doi.org/10.1080/10705511.2016.1168266
https://mathscinet.ams.org/mathscinet-getitem?mr=0567139
https://doi.org/10.1093/biostatistics/kxh022
https://mathscinet.ams.org/mathscinet-getitem?mr=1951635
https://doi.org/10.1198/016214502760047131
https://mathscinet.ams.org/mathscinet-getitem?mr=2265601
https://mathscinet.ams.org/mathscinet-getitem?mr=3889980
https://doi.org/10.1093/biostatistics/kxp062
https://mathscinet.ams.org/mathscinet-getitem?mr=2028204
https://doi.org/10.1198/073500103288619331
https://mathscinet.ams.org/mathscinet-getitem?mr=1815583
https://doi.org/10.1111/j.0006-341X.2000.01055.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0529531
https://mathscinet.ams.org/mathscinet-getitem?mr=1278223
https://mathscinet.ams.org/mathscinet-getitem?mr=2221284
https://doi.org/10.1214/06-BA117A
https://mathscinet.ams.org/mathscinet-getitem?mr=1422404
https://doi.org/10.1002/0470867205
https://doi.org/10.1093/biostatistics/kxp062


GELMAN, A., CARLIN, J. B., STERN, H. S. and RUBIN, D. B. (2014). Bayesian Data Analysis 2. Taylor &
Francis, London.

GRUEBNER, O., LOWE, S. R., TRACY, M., CERDÁ, M., JOSHI, S., NORRIS, F. H. and GALEA, S. (2016). The
geography of mental health and general wellness in Galveston Bay after Hurricane Ike: A spatial epidemiologic
study with longitudinal data. Disaster Med. Public Health Prep. 10 261–273.

HAUSMAN, J. A. and WISE, D. A. (1978). A conditional probit model for qualitative choice: Discrete deci-
sions recognizing interdependence and heterogeneous perferences. Econometrica 46 403–426. MR0465090
https://doi.org/10.2307/1913909

HEERINGA, S., WEST, B. and BERGLUND, P. (2015). Regression with complex samples. In Regression Analysis
and Causal Inference (H. Best and C. Wolf, eds.) 225–248 11. Sage Publications, Thousand Oaks, CA.

HORVITZ, D. G. and THOMPSON, D. J. (1952). A generalization of sampling without replacement from a finite
universe. J. Amer. Statist. Assoc. 47 663–685. MR0053460

IBRAHIM, J. G., CHEN, M.-H. and SINHA, D. (2001). Bayesian Survival Analysis. Springer Series in Statistics.
Springer, New York. MR1876598 https://doi.org/10.1007/978-1-4757-3447-8

KORN, E. L. and GRAUBARD, B. I. (1999). Sampling weights and imputation. In Analysis of Health Surveys
159–191. Wiley, New York.

LAIRD, N. M. and WARE, J. H. (1982). Random-effects models for longitudinal data. Biometrics 38 963–974.
LEÓN-NOVELO, L. G. and SAVITSKY, T. D. (2019). Fully Bayesian estimation under informative sampling.

Electron. J. Stat. 13 1608–1645. MR3939589 https://doi.org/10.1214/19-ejs1538
LIN, H., TURNBULL, B. W., MCCULLOCH, C. E. and SLATE, E. H. (2002). Latent class models for joint

analysis of longitudinal biomarker and event process data: Application to longitudinal prostate-specific anti-
gen readings and prostate cancer. J. Amer. Statist. Assoc. 97 53–65. MR1947272 https://doi.org/10.1198/
016214502753479220

LITTLE, R. J. A. (1991). Inference with survey weights. J. Off. Stat. 7 405–424.
LITTLE, R. J. (2003). The Bayesian approach to sample survey inference. In Analysis of Survey Data

(Southampton, 1999). Wiley Ser. Surv. Methodol. 49–57. Wiley, Chichester. MR1978843 https://doi.org/10.
1002/0470867205.ch4

LITTLE, R. J. (2004). To model or not to model? Competing modes of inference for finite population sampling.
J. Amer. Statist. Assoc. 99 546–556. MR2109316 https://doi.org/10.1198/016214504000000467

LITTLE, R. J. A. and ZHENG, H. (2007). The Bayesian approach to the analysis of finite population surveys. In
Bayesian Statistics 8. Oxford Sci. Publ. 283–302. Oxford Univ. Press, Oxford. MR2433197

LOHR, S. L. (2021). Sampling: Design and Analysis. CRC Press/CRC, Boca Raton, FL.
LOWE, S. R., JOSHI, S., PIETRZAK, R. H., GALEA, S. and CERDÁ, M. (2015). Mental health and general

wellness in the aftermath of Hurricane Ike. Soc. Sci. Med. 124 162–170.
MADDALA, G. S. (1983). Limited-Dependent and Qualitative Variables in Econometrics. Econometric Society

Monographs in Quantitative Economics 3. Cambridge Univ. Press, Cambridge. MR0799154 https://doi.org/10.
1017/CBO9780511810176

MCCULLOCH, R. and ROSSI, P. E. (1994). An exact likelihood analysis of the multinomial probit model.
J. Econometrics 64 207–240. MR1310524 https://doi.org/10.1016/0304-4076(94)90064-7

MCLACHLAN, G. and PEEL, D. (2000). Finite Mixture Models. Wiley Series in Probability and Statistics: Applied
Probability and Statistics. Wiley Interscience, New York. MR1789474 https://doi.org/10.1002/0471721182

MUTHÉN, B. (2003). Statistical and substantive checking in growth mixture modeling: Comment on Bauer and
Curran (2003). Psychol. Methods 8 369–377.

MUTHÉN, L. K. and MUTHÉN, B. O. (2017). Mplus User’s Guide, 8th ed. Muthén & Muthén, Los Angeles.
MUTHÉN, B. and SHEDDEN, K. (1999). Finite mixture modeling with mixture outcomes using the EM algorithm.

Biometrics 55 463–469. https://doi.org/10.1111/j.0006-341x.1999.00463.x
MUTHÉN, B., BROWN, C. H., MASYN, K., JO, B., KHOO, S. T., YANG, C. C., WANG, C. P., KELLAM, S. G.,

CARLIN, J. B. et al. (2002). General growth mixture modeling for randomized preventive interventions. Bio-
statistics 3 459–475.

NAGIN, D. S. (1999). Analyzing developmental trajectories: A semiparametric, group-based approach. Psychol.
Methods 4 139.

NASSERINEJAD, K., VAN ROSMALEN, J., DE KORT, W. and LESAFFRE, E. (2017). Comparison of criteria for
choosing the number of classes in Bayesian finite mixture models. PLoS ONE 12 e0168838. https://doi.org/10.
1371/journal.pone.0168838

NEELON, B., SWAMY, G. K., BURGETTE, L. F. and MIRANDA, M. L. (2011). A Bayesian growth mix-
ture model to examine maternal hypertension and birth outcomes. Stat. Med. 30 2721–2735. MR2843175
https://doi.org/10.1002/sim.4291

NING, L. and LUO, W. (2018). Class identification efficacy in piecewise GMM with unknown turning points.
J. Exp. Educ. 86 282–307.

https://mathscinet.ams.org/mathscinet-getitem?mr=0465090
https://doi.org/10.2307/1913909
https://mathscinet.ams.org/mathscinet-getitem?mr=0053460
https://mathscinet.ams.org/mathscinet-getitem?mr=1876598
https://doi.org/10.1007/978-1-4757-3447-8
https://mathscinet.ams.org/mathscinet-getitem?mr=3939589
https://doi.org/10.1214/19-ejs1538
https://mathscinet.ams.org/mathscinet-getitem?mr=1947272
https://doi.org/10.1198/016214502753479220
https://mathscinet.ams.org/mathscinet-getitem?mr=1978843
https://doi.org/10.1002/0470867205.ch4
https://mathscinet.ams.org/mathscinet-getitem?mr=2109316
https://doi.org/10.1198/016214504000000467
https://mathscinet.ams.org/mathscinet-getitem?mr=2433197
https://mathscinet.ams.org/mathscinet-getitem?mr=0799154
https://doi.org/10.1017/CBO9780511810176
https://mathscinet.ams.org/mathscinet-getitem?mr=1310524
https://doi.org/10.1016/0304-4076(94)90064-7
https://mathscinet.ams.org/mathscinet-getitem?mr=1789474
https://doi.org/10.1002/0471721182
https://doi.org/10.1111/j.0006-341x.1999.00463.x
https://doi.org/10.1371/journal.pone.0168838
https://mathscinet.ams.org/mathscinet-getitem?mr=2843175
https://doi.org/10.1002/sim.4291
https://doi.org/10.1198/016214502753479220
https://doi.org/10.1002/0470867205.ch4
https://doi.org/10.1017/CBO9780511810176
https://doi.org/10.1371/journal.pone.0168838


NORRIS, F. H., TRACY, M. and GALEA, S. (2009). Looking for resilience: Understanding the longitudinal
trajectories of responses to stress. Soc. Sci. Med. 68 2190–2198.

NORRIS, F. H., FRIEDMAN, M. J., WATSON, P. J., BYRNE, C. M. and KANIASTY, K. (2002). 60,000 disaster
victims speak: Part I. An empirical review of the empirical literature, 1981–2001. Psychiatry 65 207–239.

NATIONAL INSTITUTE OF MENTAL HEALTH (2016). Post-Traumatic Stress Disorder. Mental Health Informa-
tion, Health Topics.

PAPASTAMOULIS, P. (2016). label.switching: An R package for dealing with the label switching problem in
MCMC outputs. J. Stat. Softw. 69.

PATTERSON, B. H., DAYTON, C. M. and GRAUBARD, B. I. (2002). Latent class analysis of complex sample
survey data: Application to dietary data. J. Amer. Statist. Assoc. 97 721–741. MR1941406 https://doi.org/10.
1198/016214502388618465

PFEFFERMANN, D. (1996). The use of sampling weights for survey data analysis. Stat. Methods Med. Res. 5
239–261.

PFEFFERMANN, D. and RAO, C. R., eds. (2009) Sample Surveys: Inference and Analysis. Handbook of Statistics
29. Elsevier/North-Holland, Amsterdam.

PROUST-LIMA, C., SÉNE, M., TAYLOR, J. M. G. and JACQMIN-GADDA, H. (2014). Joint latent class mod-
els for longitudinal and time-to-event data: A review. Stat. Methods Med. Res. 23 74–90. MR3190688
https://doi.org/10.1177/0962280212445839

RABE-HESKETH, S. and SKRONDAL, A. (2006). Multilevel modelling of complex survey data. J. Roy. Statist.
Soc. Ser. A 169 805–827. MR2291345 https://doi.org/10.1111/j.1467-985X.2006.00426.x

RAO, J. N. K. and WU, C.-F. J. (1988). Resampling inference with complex survey data. J. Amer. Statist. Assoc.
83 231–241. MR0941020

RICE, H. (2016). Hurricane Ike Worst Storm in Decades. Houston Chronicle.
SCHWARZ, G. (1978). Estimating the dimension of a model. Ann. Statist. 6 461–464. MR0468014
SI, Y., PALTA, M. and SMITH, M. (2020). Bayesian profiling multiple imputation for missing hemoglobin

values in electronic health records. Ann. Appl. Stat. 14 1903–1924. MR4194253 https://doi.org/10.1214/
20-AOAS1378

SI, Y., PILLAI, N. S. and GELMAN, A. (2015). Bayesian nonparametric weighted sampling inference. Bayesian
Anal. 10 605–625. MR3420817 https://doi.org/10.1214/14-BA924

SKINNER, C. J. (2003). Introduction to Part B [Categorical response data]. In Analysis of Survey Data
(Southampton, 1999). Wiley Ser. Surv. Methodol. 75–84. Wiley, Chichester. MR1978845 https://doi.org/10.
1002/0470867205

SPIEGELHALTER, D. J., BEST, N. G., CARLIN, B. P. and VAN DER LINDE, A. (2002). Bayesian measures of
model complexity and fit. J. R. Stat. Soc. Ser. B. Stat. Methodol. 64 583–639. MR1979380 https://doi.org/10.
1111/1467-9868.00353

STATACORP (2019). mprobit – multinomial probit regression. In Stata 16 Base Reference Manual 1626–1632.
Stata Press, College Station, TX.

STEELE, R. J. and RAFTERY, A. E. (2010). Performance of Bayesian model selection criteria for Gaussian
mixture models. Frontiers of Statistical Decision Making and Bayesian Analysis 2 113–130.

STEPHENS, M. (2000). Dealing with label switching in mixture models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 62
795–809. MR1796293 https://doi.org/10.1111/1467-9868.00265

SUNG, C., HAALAND, B., HWANG, Y. and SIYUAN, L. (2019). A clustered Gaussian process model for computer
experiments. Preprint. Available at arXiv:1911.04602.

TRAIN, K. E. (2009). Discrete Choice Methods with Simulation, 2nd ed. Cambridge Univ. Press, Cambridge.
MR2519514 https://doi.org/10.1017/CBO9780511805271

VALLIANT, R., ADAMS, T. and WAGNER, J. (2009). Sample Design Documentation Galveston Bay Recovery
Survey 2008-2009 Technical Report Survey Research Operations, Production Sampling Group, Univ. Michi-
gan Survey Research Center Ann Arbor, MI.

VERBEKE, G. and LESAFFRE, E. (1996). A linear mixed-effects model with heterogeneity in the random-effects
population. J. Amer. Statist. Assoc. 91 217–221.

VERMUNT, J. K. and MAGIDSON, J. (2007). Latent class analysis with sampling weights: A maximum-likelihood
approach. Sociol. Methods Res. 36 87–111. MR2393664 https://doi.org/10.1177/0049124107301965

WANG, Z., KIM, J. K. and YANG, S. (2018). Approximate Bayesian inference under informative sampling.
Biometrika 105 91–102. MR3768867 https://doi.org/10.1093/biomet/asx073

WEDEL, M., HOFSTEDE, F. and STEENKAMP, J. E. M. (1998). Mixture model analysis of complex samples.
J. Classification 15 225–44.

ZHAO, L., FENG, D., NEELON, B. and BUYSE, M. (2015). Evaluation of treatment efficacy using a
Bayesian mixture piecewise linear model of longitudinal biomarkers. Stat. Med. 34 1733–1746. MR3334688
https://doi.org/10.1002/sim.6445

https://mathscinet.ams.org/mathscinet-getitem?mr=1941406
https://doi.org/10.1198/016214502388618465
https://mathscinet.ams.org/mathscinet-getitem?mr=3190688
https://doi.org/10.1177/0962280212445839
https://mathscinet.ams.org/mathscinet-getitem?mr=2291345
https://doi.org/10.1111/j.1467-985X.2006.00426.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0941020
https://mathscinet.ams.org/mathscinet-getitem?mr=0468014
https://mathscinet.ams.org/mathscinet-getitem?mr=4194253
https://doi.org/10.1214/20-AOAS1378
https://mathscinet.ams.org/mathscinet-getitem?mr=3420817
https://doi.org/10.1214/14-BA924
https://mathscinet.ams.org/mathscinet-getitem?mr=1978845
https://doi.org/10.1002/0470867205
https://mathscinet.ams.org/mathscinet-getitem?mr=1979380
https://doi.org/10.1111/1467-9868.00353
https://mathscinet.ams.org/mathscinet-getitem?mr=1796293
https://doi.org/10.1111/1467-9868.00265
http://arxiv.org/abs/arXiv:1911.04602
https://mathscinet.ams.org/mathscinet-getitem?mr=2519514
https://doi.org/10.1017/CBO9780511805271
https://mathscinet.ams.org/mathscinet-getitem?mr=2393664
https://doi.org/10.1177/0049124107301965
https://mathscinet.ams.org/mathscinet-getitem?mr=3768867
https://doi.org/10.1093/biomet/asx073
https://mathscinet.ams.org/mathscinet-getitem?mr=3334688
https://doi.org/10.1002/sim.6445
https://doi.org/10.1198/016214502388618465
https://doi.org/10.1214/20-AOAS1378
https://doi.org/10.1002/0470867205
https://doi.org/10.1111/1467-9868.00353


ZHENG, H. and LITTLE, R. J. A. (2003). Penalized spline model-based estimation of the finite populations total
from probability-proportional-to-size samples. J. Off. Stat. 19 99–117.

ZHOU, H., ELLIOTT, M. R. and RAGHUNATHAN, T. E. (2016). Synthetic multiple-imputation procedure for
multistage complex samples. J. Off. Stat. 32 231–256. https://doi.org/10.1515/JOS-2016-0011

https://doi.org/10.1515/JOS-2016-0011


The Annals of Applied Statistics
2023, Vol. 17, No. 3, 2515–2532
https://doi.org/10.1214/23-AOAS1730
© Institute of Mathematical Statistics, 2023

ESTIMATING HIV EPIDEMICS FOR SUBNATIONAL AREAS

BY LE BAO1,a, XIAOYUE NIU1,b, MARY MAHY2,c AND PETER D. GHYS2,d

1Department of Statistics, Penn State University, alebao@psu.edu, bxiaoyue@psu.edu
2Strategic Information and Evaluation Department, UNAIDS, cmahym@unaids.org, dghysp@unaids.org

As the global HIV pandemic enters its fifth decade, increasing numbers
of countries use routine HIV testing among pregnant women to monitor their
epidemics, allowing governments to look into the epidemics at a finer scale,
for example, at subnational levels. Currently, the epidemic model that de-
scribes the dynamics of the spread of HIV consists of a set of differential
equations and is applied independently to each subnational area. However,
the availability of the data varies widely which leads to biased and unreli-
able estimates for areas with very few data points. We propose to overcome
this issue by introducing dependence in the parameters across areas. The pro-
posed method better reconstructs the epidemic trajectories than the indepen-
dent model as shown in multiple countries in Sub-Saharan Africa. We also
offer an approximate method for parameter estimation that is much less com-
putationally burdensome than direct parameter estimation. Compared to di-
rect parameter estimation from the dependent model, the approximate method
provides competitive parameter estimation in simulations and the application
of HIV subepidemic estimation.
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Massively multiplayer online role-playing games (MMORPGs) offer a
unique blend of a personalized gaming experience and a platform for forging
social connections. Managers of these digital products rely on predictions of
key player responses, such as playing time and purchase propensity, to design
timely interventions for promoting, engaging and monetizing their playing
base. However, the longitudinal data associated with these MMORPGs not
only exhibit a large set of potential predictors to choose from but often present
several other distinctive characteristics that pose significant challenges in de-
veloping flexible statistical algorithms that can generate efficient predictions
of future player activities. For instance, the existence of virtual communi-
ties or “guilds” in these games complicate prediction since players who are
part of the same guild have correlated behaviors and the guilds themselves
evolve over time and thus have a dynamic effect on the future playing behav-
ior of its members. In this paper we develop a crossed random effects joint
modeling (CREJM) framework for analyzing correlated player responses in
MMORPGs. Contrary to existing methods that assume player independence,
CREJM is flexible enough to incorporate both player dependence as well as
time-varying guild effects on the future playing behavior of the guild mem-
bers. On a large-scale data from a popular MMORPG, CREJM conducts si-
multaneous selection of fixed and random effects in high-dimensional pe-
nalized multivariate mixed models. We study the asymptotic properties of
the variable selection procedure in CREJM and establish its selection con-
sistency. Besides providing superior predictions of daily playing time and
purchase propensity over competing methods, CREJM also predicts player
correlations within each guild which are valuable for optimizing future pro-
motional and reward policies for these virtual communities.
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The problem of estimating the structure of a graph from observed data
is of growing interest in the context of high-throughput genomic data and
single-cell RNA sequencing in particular. These, however, are challenging
applications, since the data consist of high-dimensional counts with high vari-
ance and overabundance of zeros. Here we present a general framework for
learning the structure of a graph from single-cell RNA-seq data, based on
the zero-inflated negative binomial distribution. We demonstrate with simu-
lations that our approach is able to retrieve the structure of a graph in a variety
of settings, and we show the utility of the approach on real data.
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Alzheimer’s disease (AD) is a complex neurological disorder impairing
multiple domains such as cognition and daily functions. To better understand
the disease and its progression, many AD research studies collect multiple
longitudinal outcomes that are strongly predictive of the onset of AD de-
mentia. We propose a joint model based on a multivariate functional mixed
model framework (referred to as MFMM-JM) that simultaneously models the
multiple longitudinal outcomes and the time to dementia onset. We develop
six functional forms to fully investigate the complex association between
longitudinal outcomes and dementia onset. Moreover, we use the Bayesian
methods for statistical inference and develop a dynamic prediction frame-
work that provides accurate personalized predictions of disease progressions
based on new subject-specific data. We apply the proposed MFMM-JM to two
large ongoing AD studies, the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) and National Alzheimer’s Coordinating Center (NACC), and iden-
tify the functional forms with the best predictive performance. Our method is
also validated by extensive simulation studies with five settings.
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ESTIMATING GARCH(1,1) IN THE PRESENCE OF MISSING DATA
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Maximum likelihood estimation of the famous GARCH(1,1) model is
generally straightforward, given the full observation series. However, when
some observations are missing, the marginal likelihood of the observed data
is intractable in most cases of interest, also intractable is the likelihood from
temporally aggregated data. For both these problems, we propose to approxi-
mate the intractable likelihoods through sequential Monte Carlo (SMC). The
SMC approximation is done in a smooth manner so that the resulting approxi-
mate likelihoods can be numerically optimized to obtain parameter estimates.
In the case with data aggregation, the use of SMC is made possible by a novel
state space representation of the aggregated GARCH series. Through exten-
sive simulation experiments, the proposed method is found to be computa-
tionally feasible and produce more accurate estimators of the model parame-
ters compared with other recently published methods, especially in the case
with aggregated data. In addition, the Hessian matrix of the minus logarithm
of the approximate likelihood can be inverted to produce fairly accurate stan-
dard error estimates. The proposed methodology is applied to the analysis
of time series data on several exchange-traded funds on the Australian Stock
Exchange with missing prices, due to interruptions such as scheduled trading
holidays.
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DEDUPLICATING PEDIGREE DATA
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Pedigree data contain family history information that is used to analyze
hereditary diseases. These clinical data sets may contain duplicate records
due to the same family visiting a clinic multiple times or a clinician entering
multiple versions of the family for testing purposes. Inferences drawn from
the data or using them for training or validation without removing the dupli-
cates could lead to invalid conclusions, and hence identifying the duplicates
is essential. Since family structures can be complex, direct application of ex-
isting deduplication algorithms may not be straightforward. We first motivate
the importance of deduplication by examining the impact of pedigree dupli-
cates on model performance when training and validating a familial risk pre-
diction model. We then introduce an unsupervised algorithm, which we call
SNIP (Sorted NeIghborhood for Pedigrees), that builds on the sorted neigh-
borhood method to find efficiently and to classify pair comparisons by lever-
aging the inherent hierarchical nature of the pedigrees. We conduct a simu-
lation study to assess the performance of the algorithm and find parameter
configurations where the algorithm is able to accurately detect the duplicates.
We then apply the method to data from the Risk Service, which includes over
300,000 pedigrees at high risk of hereditary cancers, and uncover large clus-
ters of potential duplicate families. After removing 104,520 pedigrees (33%
of original data), the resulting Risk Service data set can now be used for future
analysis, training, and validation. The algorithm is available as an R package
snipR at https://github.com/bayesmendel/snipR.
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In this paper we focus on identifying differentially activated brain regions
using a light sheet fluorescence microscopy—a recently developed technique
for whole-brain imaging. Most existing statistical methods solve this problem
by partitioning the brain regions into two classes: significantly and nonsignif-
icantly activated. However, for the brain imaging problem at the center of our
study, such binary grouping may provide overly simplistic discoveries by fil-
tering out weak but important signals that are typically adulterated by the
noise present in the data. To overcome this limitation, we introduce a new
Bayesian approach that allows classifying the brain regions into several tiers
with varying degrees of relevance. Our approach is based on a combination
of shrinkage priors, widely used in regression and multiple hypothesis testing
problems, and mixture models, commonly used in model-based clustering.
In contrast to the existing regularizing prior distributions, which use either
the spike-and-slab prior or continuous scale mixtures, our class of priors is
based on a discrete mixture of continuous scale mixtures and devises a cluster
shrinkage version of the horseshoe prior. As a result, our approach provides
a more general setting for Bayesian sparse estimation, drastically reduces the
number of shrinkage parameters needed, and creates a framework for sharing
information across units of interest. We show that this approach leads to more
biologically meaningful and interpretable results in our brain imaging prob-
lem, since it allows the discrimination between active and inactive regions,
while at the same time ranking the discoveries into clusters representing tiers
of similar importance.
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USING PREDICTABILITY TO IMPROVE MATCHING OF URBAN
LOCATIONS IN PHILADELPHIA
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Motivated by theories in urban planning and criminology, we use high-
resolution data to investigate the relationship between crime and the built en-
vironment in the City of Philadelphia. We develop a novel and flexible match-
ing framework that uses the predictability of the treatment variable within
matched pairs to empirically inform both the differential weighting of covari-
ates in the matching as well as the selection of the number of matched pairs
to create. We use this matching framework for a series of comparisons, each
involving matched pairs of Philadelphia intersections that are highly similar
on a set of covariates but restricted to differ on a single aspect of the built
environment. Our predictability-based matching framework includes data-
driven decisions about differential weighting of covariates and the number
of matched pairs to create, which is beneficial in our setting as our urban
comparisons involve a large number of potential intersections and a large set
of covariates to be balanced. In these comparisons we find substantial hetero-
geneity in the relationships between crime and different aspects of the built
environment as well as some empirical support for historical theories.
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The promotion time cure rate model (PCM) is an extensively studied
model for the analysis of time-to-event data in the presence of a cured sub-
group. There are several strategies proposed in the literature to model the
latency part of PCM. However, there aren’t many strategies proposed to in-
vestigate the effects of covariates on the incidence part of PCM. In this regard
most existing studies assume the boundary separating the cured and noncured
subjects with respect to the covariates to be linear. As such, they can only cap-
ture simple effects of the covariates on the cured/noncured probability. In this
manuscript we propose a new promotion time cure model that uses the sup-
port vector machine (SVM) to model the incidence part. The proposed model
inherits the features of the SVM and provides flexibility in capturing non-
linearity in the data. To the best of our knowledge, this is the first work that
integrates the SVM with PCM model. For the estimation of model parame-
ters, we develop an expectation maximization algorithm where we make use
of the sequential minimal optimization technique together with the Platt scal-
ing method to obtain the posterior probabilities of cured/uncured. A detailed
simulation study shows that the proposed model outperforms the existing lo-
gistic regression-based PCM model as well as the spline regression-based
PCM model, which is also known to capture nonlinearity in the data. This is
true in terms of bias and mean square error of different quantities of interest
and also in terms of predictive and classification accuracies of cure. Finally,
we illustrate the applicability and superiority of our model using the data from
a study on leukemia patients who went through bone marrow transplantation.
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