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CLUSTERING ON THE TORUS BY CONFORMAL PREDICTION

BY SUNGKYU JUNG1,*, KIHO PARK1,† AND BYUNGWON KIM2

1Department of Statistics, Seoul National University, *sungkyu@snu.ac.kr; †pkh503201@snu.ac.kr
2Department of Statistics, Kyungpook National University, byungwonkim@knu.ac.kr

Motivated by the analysis of torsion (dihedral) angles in the backbone
of proteins, we investigate clustering of bivariate angular data on the torus
[−π,π) × [−π,π). We show that naive adaptations of clustering methods,
designed for vector-valued data, to the torus are not satisfactory and propose
a novel clustering approach based on the conformal prediction framework.
We construct several prediction sets for toroidal data with guaranteed finite-
sample validity, based on a kernel density estimate and bivariate von Mises
mixture models. From a prediction set built from a Gaussian approximation
of the bivariate von Mises mixture, we propose a data-driven choice for the
number of clusters and present algorithms for an automated cluster identifi-
cation and cluster membership assignment. The proposed prediction sets and
clustering approaches are applied to the torsion angles extracted from three
strains of coronavirus spike glycoproteins (including SARS-CoV-2, conta-
gious in humans). The analysis reveals a potential difference in the clusters
of the SARS-CoV-2 torsion angles, compared to the clusters found in torsion
angles from two different strains of coronavirus, contagious in animals.
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UNCERTAINTY QUANTIFICATION OF A COMPUTER MODEL FOR
BINARY BLACK HOLE FORMATION

BY LUYAO LIN1,*, DEREK BINGHAM1,†, FLOOR BROEKGAARDEN2 AND

ILYA MANDEL3

1Department of Statistics and Actuarial Science, Simon Fraser University, *luyao_lin_2@sfu.ca; †derek_bingham@sfu.ca
2Harvard-Smithsonian Center for Astrophysics, floor.broekgaarden@cfa.harvard.edu
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In this paper, a fast and parallelizable method based on Gaussian pro-
cesses (GPs) is introduced to emulate computer models that simulate the for-
mation of binary black holes (BBHs) through the evolution of pairs of mas-
sive stars. Two obstacles that arise in this application are the a priori unknown
conditions of BBH formation and the large scale of the simulation data. We
address them by proposing a local emulator which combines a GP classi-
fier and a GP regression model. The resulting emulator can also be utilized
in planning future computer simulations through a proposed criterion for se-
quential design. By propagating uncertainties of simulation input through the
emulator, we are able to obtain the distribution of BBH properties under the
distribution of physical parameters.
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In agricultural landscapes the spatial distribution of cultivated and semi-
natural elements strongly impacts habitat connectivity and species dynamics.
To allow for landscape structural analysis and scenario generation, we here
develop statistical tools for real landscapes composed of geometric elements,
including 2D patches but also 1D linear elements (e.g., hedges). Utilizing the
framework of discrete Markov random fields, we design generative stochas-
tic models that combine a multiplex network representation, based on spatial
adjacency, with Gibbs energy terms to capture the distribution of landscape
descriptors for land-use categories. We implement simulation of agricultural
scenarios with parameter-controlled spatial and temporal patterns (e.g., ge-
ometry, connectivity, crop rotation), and we demonstrate through simulation
that pseudo-likelihood estimation of parameters works well. To study statis-
tical relevance of model components in real landscapes, we discuss model
selection and validation, including cross-validated prediction scores. Model
validation with a view toward ecologically relevant landscape summaries is
achieved by comparing observed and simulated summaries (network met-
rics but also metrics and appropriately defined variograms using a raster
discretization). Models fitted to subregions of the Lower Durance Valley
(France) indicate strong deviation from random allocation and realistically
capture landscape patterns. In summary, our approach improves the under-
standing of agroecosystems and enables simulation-based theoretical analysis
of how landscape patterns shape biological and ecological processes.
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Single nucleotide polymorphism (SNP) set analysis aggregates both
common and rare variants and tests for association between phenotype(s) of
interest and a set. However, multiple SNP-sets, such as genes, pathways, or
sliding windows are usually investigated across the whole genome in which
all groups are tested separately, followed by multiple testing adjustments. We
propose a novel method to prioritize SNP-sets in a joint multivariate vari-
ance component model. Each SNP-set corresponds to a variance component
(or kernel), and model selection is achieved by incorporating either convex
or nonconvex penalties. The uniqueness of this variance component selection
framework, which we call VCSEL, is that it naturally encompasses multivari-
ate traits (VCSEL-M) and SNP-set-treatment or -environment interactions
(VCSEL-I). We devise an optimization algorithm scalable to many variance
components, based on the majorization-minimization (MM) principle. Simu-
lation studies demonstrate the superiority of our methods in model selection
performance, as measured by the area under the precision-recall (PR) curve,
compared to the commonly used marginal testing and group penalization
methods. Finally, we apply our methods to a real pharmacogenomics study
and a real whole exome sequencing study. Some top ranked genes by VCSEL
are detected as insignificant by the marginal test methods which emphasizes
formal inference of individual genes with a strict significance threshold. This
provides alternative insights for biologists to prioritize follow-up studies and
develop polygenic risk score models.
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Differential gene expression analysis based on scRNA-seq data is chal-
lenging due to two unique characteristics of scRNA-seq data. First, multi-
modality and other heterogeneity of the gene expression among different cell
conditions lead to divergences in the tail events or crossings of the expression
distributions. Second, scRNA-seq data generally have a considerable frac-
tion of dropout events, causing zero inflation in the expression. To account
for the first characteristic, existing parametric approaches targeting the mean
difference in gene expression are limited, while quantile regression that ex-
amines various locations in the distribution will improve the power. However,
the second characteristic, zero inflation, makes the traditional quantile regres-
sion invalid and underpowered. We propose a quantile-based test that handles
the two characteristics, multimodality and zero inflation, simultaneously. The
proposed quantile rank-score based test for differential distribution detection
(ZIQRank) is derived under a two-part quantile regression model for zero-
inflated outcomes. It comprises a test in logistic modeling for the zero counts
and a collection of rank-score tests adjusting for zero inflation at multiple
prespecified quantiles of the positive part. The testing decision is based on
an aggregate result by combining the marginal p-values by MinP or Cauchy
procedure. The proposed test is asymptotically justified and evaluated with
simulation studies. It shows a higher precision-recall AUC in detecting true
differentially expressed genes (DEGs) than the existing methods. We apply
the ZIQRank test to a TPM scRNA-seq data on human glioblastoma tumors
and exclusively identify a group of DEGs between neoplastic and nonneo-
plastic cells, which are heterogeneous and have been proved to be associ-
ated with glioma. Application to a UMI count scRNA-seq data on cells from
mouse intestinal organoids further demonstrates the capability of ZIQRank
to improve and complement the existing approaches.
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The two main approaches in the study of breast cancer are histopathol-
ogy (analyzing visual characteristics of tumors) and genomics. While both
histopathology and genomics are fundamental to cancer research, the con-
nections between these fields have been relatively superficial. We bridge
this gap by investigating the Carolina Breast Cancer Study through the de-
velopment of an integrative, exploratory analysis framework. Our analysis
gives insights—some known, some novel—that are engaging to both pathol-
ogists and geneticists. Our analysis framework is based on angle-based joint
and individual variation explained (AJIVE) for statistical data integration
and exploits convolutional neural networks (CNNs) as a powerful, automatic
method for image feature extraction. CNNs raise interpretability issues that
we address by developing novel methods to explore visual modes of varia-
tion captured by statistical algorithms (e.g., PCA or AJIVE) applied to CNN
features.
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This paper analyzes breast cancer gene expression across seven stud-
ies to identify genuine and thus replicable gene patterns shared among these
studies. Our premise is that genuine biological signal is more likely to be re-
producibly present in multiple studies than spurious signal. Our analysis uses
a new modeling strategy for the joint analysis of high-throughput biologi-
cal studies which simultaneously identifies shared as well as study-specific
signal. To this end, we generalize the multi-study factor analysis model to
handle high-dimensional data and generalize the sparse Bayesian infinite fac-
tor model to this context. We provide strategies for the identification of the
loading matrices, common and study-specific. Through extensive simulation
analysis, we characterize the performance of the proposed approach in vari-
ous scenarios and show that it outperforms standard factor analysis in identi-
fying replicable signal in all scenarios considered. The analysis of breast can-
cer gene expression studies identifies clear replicable gene patterns. These
patterns are related to well-known biological pathways involved in breast
cancer, such as the ER, cell cycle, immune system, collagen, and metabolic
pathways. Some of these patterns are also associated with existing breast can-
cer subtypes, such as LumA, Her2, and basal subtypes, while other patterns
identify novel pathways active across subtypes and missed by hierarchical
clustering approaches. The R package MSFA implementing the method is
available on GitHub.
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We consider the problem of single-molecule identification in super-
resolution microscopy. Super-resolution microscopy overcomes the diffrac-
tion limit by localizing individual fluorescing molecules in a field of view.
This is particularly difficult since each individual molecule appears and dis-
appears randomly across time and because the total number of molecules in
the field of view is unknown. Additionally, data sets acquired with super-
resolution microscopes can contain a large number of spurious fluorescent
fluctuations caused by background noise.

To address these problems, we present a Bayesian nonparametric frame-
work capable of identifying individual emitting molecules in super-resolved
time series. We tackle the localization problem in the case in which each
individual molecule is already localized in space. First, we collapse obser-
vations in time and develop a fast algorithm that builds upon the Dirichlet
process. Next, we augment the model to account for the temporal aspect of
fluorophore photophysics. Finally, we assess the performance of our methods
with ground-truth data sets having known biological structure.
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Network meta-analysis (NMA) is a powerful tool to compare multiple
treatments directly and indirectly by combining and contrasting multiple in-
dependent clinical trials. Because many NMAs collect only a few eligible
randomized controlled trials (RCTs), there is an urgent need to synthesize dif-
ferent sources of information, for example, from both RCTs and single-arm
trials. However, single-arm trials and RCTs may have different populations
and quality so that assuming they are exchangeable may be inappropriate.
This article presents a novel method using a commensurate prior on variance
(CPV) to borrow variance (rather than mean) information from single-arm
trials in an arm-based (AB) Bayesian NMA. We illustrate the advantages of
this CPV method by reanalyzing an NMA of immune checkpoint inhibitors
in cancer patients. Comprehensive simulations investigate the impact on sta-
tistical inference of including single-arm trials. The simulation results show
that the CPV method provides efficient and robust estimation, even when the
two sources of information are moderately inconsistent.
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The human gastrointestinal tract is an environment that hosts an ecosys-
tem of microorganisms essential to human health. Vital biological processes
emerge from fundamental inter- and intraspecies molecular interactions that
influence the assembly and composition of the gut microbiota ecology. Here,
we quantify the complexity of the ecological relationships within the human
infant gut microbiota ecosystem as a function of the information contained in
the nonlinear associations of a sequence of increasingly specified maximum
entropy representations of the system. Our paradigm frames the ecological
state, in terms of the presence or absence of individual microbial ecological
units that are identified by amplicon sequence variants (ASV) in the gut mi-
croenvironment, as a function of both the ecological states of its neighboring
units and, in a departure from standard graphical model representations, the
associations among the units within its neighborhood. We characterize the
order of the system based on the relative quantity of statistical information
encoded by high-order statistical associations of the infant gut microbiota.
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Recent technological advancements have enabled detailed investigation
of associations between the molecular architecture and tumor heterogeneity
through multisource integration of radiological imaging and genomic (radio-
genomic) data. In this paper we integrate and harness radiogenomic data in
patients with lower grade gliomas (LGG), a type of brain cancer, in order
to develop a regression framework called RADIOHEAD (RADIOgenomic
analysis incorporating tumor HEterogeneity in imAging through Densities)
to identify radiogenomic associations. Imaging data is represented through
voxel-intensity probability density functions of tumor subregions obtained
from multimodal magnetic resonance imaging and genomic data through
molecular signatures in the form of pathway enrichment scores correspond-
ing to their gene expression profiles. Employing a Riemannian-geometric
framework for principal component analysis on the set of probability density
functions, we map each probability density to a vector of principal compo-
nent scores which are then included as predictors in a Bayesian regression
model with the pathway enrichment scores as the response. Variable selec-
tion compatible with the grouping structure amongst the predictors induced
through the tumor subregions is carried out under a group spike-and-slab
prior. A Bayesian false discovery rate mechanism is then used to infer signif-
icant associations based on the posterior distribution of the regression coeffi-
cients. Our analyses reveal several pathways relevant to LGG etiology (such
as synaptic transmission, nerve impulse and neurotransmitter pathways) to
have significant associations with the corresponding imaging-based predic-
tors.
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Facing increasing societal and economic pressure, many countries have
established strategies to develop renewable energy portfolios whose penetra-
tion in the market can alleviate the dependence on fossil fuels. In the case of
wind, there is a fundamental question related to the resilience and hence prof-
itability of future wind farms to a changing climate, given that current wind
turbines have lifespans of up to 30 years. In this work we develop a new non-
Gaussian method to adjust assimilated observational data to simulations and
to estimate future wind, predicated on a trans-Gaussian transformation and a
clusterwise minimization of the Kullback–Leibler divergence. Future winds
abundance will be determined for Saudi Arabia, a country with a recently
established plan to develop a portfolio of up to 16 GW of wind energy. Fur-
ther, we estimate the change in profits over future decades using additional
high-resolution simulations, an improved method for vertical wind extrapo-
lation and power curves from a collection of popular wind turbines. We find
an overall increase in daily profit of $272,000 for the wind energy market for
the optimal locations for wind farming in the country.
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Using aeroelastic stochastic simulations, this study presents an impor-
tance sampling method for assessing wind turbine reliability. As the size
of modern wind turbines gets larger, structural reliability analysis becomes
more important to prevent any catastrophic failures. At the design stage, op-
erational data do not exist or are scarce. Therefore, aeroelastic simulation
is often employed for reliability analysis. Importance sampling is one of
the powerful variance reduction techniques to mitigate computational bur-
den in stochastic simulations. In the literature, wind turbine reliability as-
sessment with importance sampling has been studied with a single variable,
wind speed. However, other atmospheric stability conditions also impose sub-
stantial stress on the turbine structure. Moreover, each environmental factor’s
effect on the turbine’s load response depends on other factors. This study in-
vestigates how multiple environmental factors collectively affect the turbine
reliability. Specifically, we devise a new nonparametric importance sampling
method that can quantify the contributions of each environmental factor and
its interactions with other factors, while avoiding computational problems
and data sparsity issue arising in rare event simulation. Our wind turbine case
study and numerical examples demonstrate the advantage of the proposed
approach.
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Models of the spatial distribution of animals provide useful tools to help
ecologists quantify species-environment relationships, and they are increas-
ingly being used to help determine the impacts of climate and habitat changes
on species. While high-quality survey-style data with known effort are some-
times available, often researchers have multiple datasets of varying quality
and type. In particular, collections of sightings made by citizen scientists are
becoming increasingly common, with no information typically provided on
their observer effort. Many standard modelling approaches ignore observer
effort completely which can severely bias estimates of an animal’s distribu-
tion. Combining sightings data from observers who followed different pro-
tocols is challenging. Any differences in observer skill, spatial effort and
the detectability of the animals across space all need to be accounted for.
To achieve this, we build upon the recent advancements made in integrative
species distribution models and present a novel marked spatiotemporal point
process framework for estimating the utilization distribution (UD) of the in-
dividuals of a highly mobile species. We show that, in certain settings, we can
also use the framework to combine the UDs from the sampled individuals to
estimate the species’ distribution. We combine the empirical results from a
simulation study with the implications outlined in a causal directed acyclic
graph to identify the necessary assumptions required for our framework to
control for observer effort when it is unknown. We then apply our framework
to combine multiple datasets collected on the endangered Southern Resident
Killer Whales to estimate their monthly effort-corrected space-use.
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The use of spatial models for inferring members’ preferences from voting
data has become widespread in the study of deliberative bodies, such as leg-
islatures. Most established spatial voting models assume that ideal points be-
long to a Euclidean policy space. However, the geometry of Euclidean spaces
(even multidimensional ones) cannot fully accommodate situations in which
members at the opposite ends of the ideological spectrum reveal similar pref-
erences by voting together against the rest of the legislature. This kind of
voting behavior can arise, for example, when extreme conservatives oppose
a measure because they see it as being too costly, while extreme liberals op-
pose it for not going far enough for them. This paper introduces a new class
of spatial voting models in which preferences live in a circular policy space.
Such geometry for the latent space is motivated by both theoretical (the so-
called “horseshoe theory” of political thinking) and empirical (goodness of
fit) considerations. Furthermore, the circular model is flexible and can ap-
proximate the one-dimensional version of the Euclidean voting model when
the data supports it. We apply our circular model to roll-call voting data from
the U.S. Congress between 1988 and 2019 and demonstrate that, starting with
the 112th House of Representatives, circular policy spaces consistently pro-
vide a better explanation of legislators’s behavior than Euclidean ones and
that legislators’s rankings, generated through the use of the circular geometry,
tend to be more consistent with those implied by their stated policy positions.
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Dáil Éireann is the principal chamber of the Irish parliament. The 31st
Dáil was in session from March 11th, 2011 to February 6th, 2016. Many of
the members of the Dáil were active on social media, and many were Twitter
users who followed other members of the Dáil. The pattern of Twitter fol-
lowing amongst these politicians provides insights into political alignment
within the Dáil. We propose a new model, called the generalized latent space
stochastic blockmodel, which extends and generalizes both the latent space
model and the stochastic blockmodel to study social media connections be-
tween members of the Dáil. The probability of an edge between two nodes
in a network depends on their respective class labels, as well as sender and
receiver effects and latent positions in an unobserved latent space. The pro-
posed model is capable of representing transitivity and clustering, as well as
disassortative mixing. A Bayesian method with Markov chain Monte Carlo
sampling is proposed for estimation of model parameters. Model selection
is performed using the WAIC criterion and models of different number of
classes or dimensions of latent space are compared. We use the model to
study Twitter following relationships of members of the Dáil and interpret
structure found in these relationships. We find that the following relation-
ships amongst politicians is mainly driven by past and present political party
membership. We also find that the modeling outputs are informative when
studying voting within the Dáil.
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Prevalence is of essential importance in biomedical and public health re-
search. In the “classic” paradigm it has been studied for each disease individ-
ually. Accumulating evidence has shown that diseases can be “correlated.”
Joint analysis of prevalence can potentially provide important insights be-
yond individual-disease analysis but has not been well pursued. In this study
we take advantage of the unique Taiwan National Health Insurance Research
Database (NHIRD) and conduct the first pan-disease analysis of period preva-
lence trend. The goal is to identify clusters within which diseases have simi-
lar period prevalence trends. A novel penalization pursuit approach is applied
which has an intuitive formulation and preferable numerical performance. In
data analysis the period prevalence values are computed using the records on
close to one million subjects and 14 years of observation. With 405 diseases,
35 clusters with sizes larger than one and 27 clusters with sizes one are identi-
fied. The clustering results have sound interpretations and differ significantly
from those of the alternatives.
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Despite substantial advances in global measles vaccination, measles dis-
ease burden remains high in many low- and middle-income countries. A key
public health strategy for controlling measles in such high-burden settings
is to conduct supplementary immunization activities (SIAs) in the form of
mass vaccination campaigns, in addition to delivering scheduled vaccination
through routine immunization (RI) programs. To achieve balanced imple-
mentations of RI and SIAs, robust measurement of subnational RI-specific
coverage is crucial. In this paper we develop a space–time smoothing model
for estimating RI-specific coverage of the first dose of measles-containing-
vaccines (MCV1) at subnational level using complex survey data. The appli-
cation that motivated this work is estimation of the RI-specific MCV1 cover-
age in Nigeria’s 36 states and the Federal Capital Territory. Data come from
four demographic and health surveys, three multiple indicator cluster surveys
and two national nutrition and health surveys conducted in Nigeria between
2003 and 2018. Our method incorporates information from the SIA calendar
published by the World Health Organization and accounts for the impact of
SIAs on the overall MCV1 coverage, as measured by cross-sectional surveys.
The model can be used to analyze data from multiple surveys with different
data collection schemes and construct coverage estimates with uncertainty
that reflects the various sampling designs. Implementation of our method can
be done efficiently using integrated nested Laplace approximation (INLA).

REFERENCES

BESAG, J., YORK, J. and MOLLIÉ, A. (1991). Bayesian image restoration, with two applications in spatial
statistics. Ann. Inst. Statist. Math. 43 1–20.

BID INITIATIVE (2016). Empowering countries to enhance immunization and overall health service
delivery through improved data collection, quality, and use. Available at http://bidinitiative.org/wp-
content/uploads/BID_GlobalFactSheet.pdf. [Accessed Apr-02-2020].

BIELLIK, R. J. and ORENSTEIN, W. A. (2018). Strengthening routine immunization through measles-rubella
elimination. Vaccine 36 5645–5650.

BINDER, D. A. (1983). On the variances of asymptotically normal estimators from complex surveys. Int. Stat.
Rev. 51 279–292.

BINYARUKA, P. and BORGHI, J. (2018). Validity of parental recalls to estimate vaccination coverage: Evidence
from Tanzania. BMC Health Serv. Res. 18 440.

CUTTS, F. T., CLAQUIN, P., DANOVARO-HOLLIDAY, M. C. and RHODA, D. A. (2016). Monitoring vaccination
coverage: Defining the role of surveys. Vaccine 34 4103–4109.

DOLAN, S. B. and MACNEIL, A. (2017). Comparison of inflation of third dose diphtheria tetanus pertussis
(DTP3) administrative coverage to other vaccine antigens. Vaccine 35 3441–3445.

DONG, T. Q., RHODA, D. A. and MERCER, L. D. (2020). Impact of state weights on national vaccination
coverage estimates from household surveys in Nigeria. Vaccine 38 5060–5070.

DONG, T. Q. and WAKEFIELD, J. (2020). Estimating efficacy of measles supplementary immunization activities
via discrete-time modeling of disease incidence time series. Preprint. Available at arXiv:2010.08875.

Key words and phrases. Bayesian smoothing, survey sampling, measles vaccination, routine immunization,
supplementary immunization activity.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1474
http://www.imstat.org
mailto:qd8@uw.edu
mailto:jonno@uw.edu
http://bidinitiative.org/wp-content/uploads/BID_GlobalFactSheet.pdf
http://arxiv.org/abs/arXiv:2010.08875
http://bidinitiative.org/wp-content/uploads/BID_GlobalFactSheet.pdf


DONG, T. Q. and WAKEFIELD, J. (2021a). Supplement to “Space–time smoothing models for subnational
measles routine immunization coverage estimation with complex survey data.” https://doi.org/10.1214/
21-AOAS1474SUPP

DONG, T. Q. and WAKEFIELD, J. (2021b). Modeling and presentation of vaccination coverage estimates using
data from household surveys. Vaccine 39 2584–2594.

FAY, R. E. III and HERRIOT, R. A. (1979). Estimates of income for small places: An application of James–Stein
procedures to census data. J. Amer. Statist. Assoc. 74 269–277.

HANCIOGLU, A. and ARNOLD, F. (2013). Measuring coverage in MNCH: Tracking progress in health for women
and children using DHS and MICS household surveys. PLoS Med. 10 e1001391.

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.

HU, Y., CHEN, Y., WANG, Y. and LIANG, H. (2019). Validity of maternal recall to assess vaccination coverage:
Evidence from six districts in Zhejiang province, China. Int. J. Environ. Res. Public Health 16 957.

ICF (2020). The Demographic and Health Surveys. The DHS Program website. Funded by USAID. Available at
https://dhsprogram.com/. [Accessed Apr-02-2020].

KNORR-HELD, L. (2000). Bayesian modelling of inseparable space-time variation in disease risk. Stat. Med. 19
2555–2567.

LOCAL BURDEN OF DISEASE VACCINE COVERAGE COLLABORATORS AND OTHERS (2021). Mapping routine
measles vaccination in low-and middle-income countries. Nature 589 415–419.

LUMLEY, T. (2004). Analysis of complex survey samples. J. Stat. Softw. 9 1–19.
MERCER, L. D., WAKEFIELD, J., PANTAZIS, A., LUTAMBI, A. M., MASANJA, H. and CLARK, S. (2015).

Space-time smoothing of complex survey data: Small area estimation for child mortality. Ann. Appl. Stat. 9
1889–1905.

PAIGE, J., FUGLSTAD, G. A., RIEBLER, A. and WAKEFIELD, J. (2020). Model-based approaches to analysing
spatial data from complex surveys. Journal of Survey Statistics and Methodology. Published online September
4, 2020.

PFEFFERMANN, D., SKINNER, C. J., HOLMES, D. J., GOLDSTEIN, H. and RASBASH, J. (1998). Weighting for
unequal selection probabilities in multilevel models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 60 23–40.

PORTH, J. M., WAGNER, A. L., TEFERA, Y. A. and BOULTON, M. L. (2019). Childhood immunization in
Ethiopia: Accuracy of maternal recall compared to vaccination cards. Vaccines 7 48.

R Core Team (2020). R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing, Vienna, Austria.

RABE-HESKETH, S. and SKRONDAL, A. (2006). Multilevel modelling of complex survey data. J. Roy. Statist.
Soc. Ser. A 169 805–827.

RAMAKRISHNAN, R., VENKATA RAO, T., SUNDARAMOORTHY, L. and JOSHUA, V. (1999). Magnitude of recall
bias in the estimation of immunization coverage and its determinants. Indian Pediatrics 36 881–886.

RAO, J., VERRET, F. and HIDIROGLOU, M. A. (2013). A weighted composite likelihood approach to inference
for two-level models from survey data. Surv. Methodol. 39 263–282.

RUE, H., MARTINO, S. and CHOPIN, N. (2009). Approximate Bayesian inference for latent Gaussian models by
using integrated nested Laplace approximations. J. R. Stat. Soc. Ser. B. Stat. Methodol. 71 319–392.

SIMPSON, D., RUE, H., RIEBLER, A., MARTINS, T. G. and SØRBYE, S. H. (2017). Penalising model component
complexity: A principled, practical approach to constructing priors. Statist. Sci. 32 1–28.

SMART TECHNICAL ADVISORY GROUP (2006). Measuring Mortality, Nutritional Status, and Food Security in
Crisis Situations: SMART Methodology Manual v1.0. SMART, Action Against Hunger Canada. Available at
https://smartmethodology.org/survey-planning-tools/smart-methodology/.

SMART TECHNICAL ADVISORY GROUP (2017). Measuring Mortality, Nutritional Status, and Food Security in
Crisis Situations: SMART Methodology Manual v2.0. SMART, Action Against Hunger Canada. Available at
https://smartmethodology.org/survey-planning-tools/smart-methodology/.

THAKKAR, N., GILANI, S. S. A., HASAN, Q. and MCCARTHY, K. A. (2019). Decreasing measles burden by
optimizing campaign timing. Proc. Natl. Acad. Sci. USA 116 11069–11073.

THE MEASLES AND RUBELLA INITIATIVE (2012). Global Measles and Rubella Strategic Plan 2012–2020.
Available at https://measlesrubellainitiative.org/learn/the-solution/the-strategy/. [Accessed Apr-02-2020].

THE MEASLES AND RUBELLA INITIATIVE (2019). Routine Immunization. Available at
https://measlesrubellainitiative.org/learn/the-impact/routine-immunization/. [Accessed Apr-02-2020].

UNICEF (2020). The UNICEF Multiple Indicator Cluster Surveys. Available at https://mics.unicef.org/. [Ac-
cessed Apr-02-2020].

UTAZI, C. E., THORLEY, J., ALEGANA, V. A., FERRARI, M. J., TAKAHASHI, S., METCALF, C. J. E.,
LESSLER, J. and TATEM, A. J. (2018). High resolution age-structured mapping of childhood vaccination
coverage in low and middle income countries. Vaccine 36 1583–1591.

https://doi.org/10.1214/21-AOAS1474SUPP
https://dhsprogram.com/
https://smartmethodology.org/survey-planning-tools/smart-methodology/
https://smartmethodology.org/survey-planning-tools/smart-methodology/
https://measlesrubellainitiative.org/learn/the-solution/the-strategy/
https://measlesrubellainitiative.org/learn/the-impact/routine-immunization/
https://mics.unicef.org/
https://doi.org/10.1214/21-AOAS1474SUPP


UTAZI, C. E., THORLEY, J., ALEGANA, V. A., FERRARI, M. J., NILSEN, K., TAKAHASHI, S., MET-
CALF, C. J. E., LESSLER, J. and TATEM, A. J. (2019a). A spatial regression model for the disaggregation of
areal unit based data to high-resolution grids with application to vaccination coverage mapping. Stat. Methods
Med. Res. 28 3226–3241.

UTAZI, C. E., THORLEY, J., ALEGANA, V. A., FERRARI, M. J., TAKAHASHI, S., METCALF, C. J. E.,
LESSLER, J., CUTTS, F. T. and TATEM, A. J. (2019b). Mapping vaccination coverage to explore the effects
of delivery mechanisms and inform vaccination strategies. Nat. Commun. 10 1633.

UTAZI, C. E., WAGAI, J., PANNELL, O., CUTTS, F. T., RHODA, D. A., FERRARI, M. J., DIENG, B., OTERI, J.,
DANOVARO-HOLLIDAY, M. C. et al. (2020). Geospatial variation in measles vaccine coverage through routine
and campaign strategies in Nigeria: Analysis of recent household surveys. Vaccine. 38 3062–3071.

VALADEZ, J. J. and WELD, L. H. (1992). Maternal recall error of child vaccination status in a developing nation.
Am. J. Publ. Health 82 120–122.

VERGUET, S., JOHRI, M., MORRIS, S. K., GAUVREAU, C. L., JHA, P. and JIT, M. (2015). Controlling measles
using supplemental immunization activities: A mathematical model to inform optimal policy. Vaccine 33
1291–1296.

WILSON, K. and WAKEFIELD, J. (2020). Child mortality estimation incorporating summary birth history data.
Biometrics 1–11.

WORLD HEALTH ORGANIZATION (2017). Measles position paper. Available at https://www.who.int/
immunization/policy/position_papers/measles/en/. [Accessed Apr-02-2020].

WORLD HEALTH ORGANIZATION (2020a). Immunization Agenda 2030: A Global Strategy to Leave No One
Behind. Available at https://www.who.int/immunization/immunization_agenda_2030/en/. [Accessed Apr-07-
2020].

WORLD HEALTH ORGANIZATION (2020b). Immunization, vaccines and biologicals—Data, statistics and
graphics. Available at https://www.who.int/immunization/monitoring_surveillance/data/en/. [Accessed Apr-
07-2020].

WORLD HEALTH ORGANIZATION (2020c). At least 80 million children under one at risk of diseases such
as diphtheria, measles and polio as COVID-19 disrupts routine vaccination efforts, warn Gavi, WHO and
UNICEF. Available at https://www.who.int/news-room/detail/22-05-2020-at-least-80-million-children-under-
one-at-risk-of-diseases-such-as-diphtheria-measles-and-polio-as-covid-19-disrupts-routine-vaccination-
efforts-warn-gavi-who-and-unicef. [Accessed Jun-28-2020].

YI, G. Y., RAO, J. N. K. and LI, H. (2016). A weighted composite likelihood approach for analysis of survey
data under two-level models. Statist. Sinica 26 569–587.

https://www.who.int/immunization/policy/position_papers/measles/en/
https://www.who.int/immunization/policy/position_papers/measles/en/
https://www.who.int/immunization/immunization_agenda_2030/en/
https://www.who.int/immunization/monitoring_surveillance/data/en/
https://www.who.int/news-room/detail/22-05-2020-at-least-80-million-children-under-one-at-risk-of-diseases-such-as-diphtheria-measles-and-polio-as-covid-19-disrupts-routine-vaccination-efforts-warn-gavi-who-and-unicef
https://www.who.int/news-room/detail/22-05-2020-at-least-80-million-children-under-one-at-risk-of-diseases-such-as-diphtheria-measles-and-polio-as-covid-19-disrupts-routine-vaccination-efforts-warn-gavi-who-and-unicef
https://www.who.int/news-room/detail/22-05-2020-at-least-80-million-children-under-one-at-risk-of-diseases-such-as-diphtheria-measles-and-polio-as-covid-19-disrupts-routine-vaccination-efforts-warn-gavi-who-and-unicef


The Annals of Applied Statistics
2021, Vol. 15, No. 4, 1980–1998
https://doi.org/10.1214/21-AOAS1486
This work is licensed under CC BY 4.0 https://creativecommons.org/licenses/by/4.0/

INTEGRATING GEOSTATISTICAL MAPS AND INFECTIOUS DISEASE
TRANSMISSION MODELS USING ADAPTIVE MULTIPLE IMPORTANCE

SAMPLING

BY RENATA RETKUTE1, PANAYIOTA TOULOUPOU2, MARÍA-GLORIA BASÁÑEZ3,
T. DÉIRDRE HOLLINGSWORTH4 AND SIMON E. F. SPENCER5

1Epidemiology and Modelling Group, Department of Plant Sciences, University of Cambridge, rr614@cam.ac.uk
2School of Mathematics, University of Birmingham, p.touloupou@bham.ac.uk

3London Centre for Neglected Tropical Disease Research and MRC Centre for Global Infectious Disease Analysis, Faculty of
Medicine, School of Public Health, Imperial College London, m.basanez@imperial.ac.uk

4Big Data Institute, Li Ka Shing Centre for Health, Information and Discovery, University of Oxford,
deirdre.hollingsworth@bdi.ox.ac.uk

5Department of Statistics and Zeeman Institute, University of Warwick, s.e.f.spencer@warwick.ac.uk

The Adaptive Multiple Importance Sampling algorithm (AMIS) is an it-
erative technique which recycles samples from all previous iterations in order
to improve the efficiency of the proposal distribution. We have formulated a
new statistical framework, based on AMIS, to take the output from a geosta-
tistical model of infectious disease prevalence, incidence or relative risk, and
project it forward in time under a mathematical model for transmission dy-
namics. We adapted the AMIS algorithm so that it can sample from multiple
targets simultaneously by changing the focus of the adaptation at each itera-
tion. By comparing our approach against the standard AMIS algorithm, we
showed that these novel adaptations greatly improve the efficiency of the sam-
pling. We tested the performance of our algorithm on four case studies: as-
cariasis in Ethiopia, onchocerciasis in Togo, human immunodeficiency virus
(HIV) in Botswana, and malaria in the Democratic Republic of the Congo.
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Transport operators have a range of intervention options available to im-
prove or enhance their networks. Such interventions are often made in the
absence of sound evidence on resulting outcomes. Cycling superhighways
were promoted as a sustainable and healthy travel mode, one of the aims of
which was to reduce traffic congestion. Estimating the impacts that cycle su-
perhighways have on congestion is complicated due to the nonrandom assign-
ment of such intervention over the transport network. In this paper we analyse
the causal effect of cycle superhighways utilising preintervention and postin-
tervention information on traffic and road characteristics along with socioe-
conomic factors. We propose a modeling framework based on the propensity
score and outcome regression model. The method is also extended to the dou-
bly robust set-up. Simulation results show the superiority of the performance
of the proposed method over existing competitors. The method is applied to
analyse a real dataset on the London transport network. The methodology
proposed can assist in effective decision making to improve network perfor-
mance.
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A widely noted failure of causal inference occurred when several obser-
vational studies claimed that hormone replacement therapy (HRT) reduced
risk of cardiovascular disease; yet, subsequent randomized trials found an in-
creased, not a decreased, cardiovascular risk. We take a close look at covariate
imbalances in one of the observational data sets. We use some old, some re-
cent, and some new methods, plus we update an important, simple but largely
forgotten suggestion of William Cochran about screening covariates and other
variables. In particular, a tapered match shows the impact on all covariates of
gradually matching for additional covariates. An exterior match examines the
change in the control group as additional covariates are included, and the
consequences for outcomes. Because covariates are sometimes continuous,
sometimes binary, sometimes ordinal, sometimes missing, we suggest keep-
ing track of magnitudes of aggregate bias in observed covariates using a new
estimate of the Kullback–Leibler information between covariate distributions
in treated and matched control groups, a flexible measure with several at-
tractive properties. The initial studies ignored some enormous imbalances in
socioeconomic covariates that predict the outcomes under study. Our more
comprehensive analyses mimic some post-game reanalyses done subsequent
to the randomized trials; however, even these omit a large imbalance in a
consequential covariate discovered by Cochran’s quick but expansive screen-
ing suggestion. Our sense is that a closer examination of covariate imbalance
would not have led to a correct conclusion about the effects of HRT, but it
would have heightened concerns about the magnitude of the problems in the
observational studies, and it would have raised doubts about the ability of a
few regression coefficients to eliminate all biases, observed and unobserved,
in the comparison. Medical journals need to recognize that certain sources of
uncertainty cannot be eliminated from certain necessary types of empirical
investigation; moreover, these journals need to learn new ways to describe
these sources of uncertainty with objectivity and candor.
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Metabolomic-based approaches have gained much attention in recent
years, due to their promising potential to deliver objective tools for assess-
ment of food intake. In particular, multiple biomarkers have emerged for sin-
gle foods. However, there is a lack of statistical tools available for combining
multiple biomarkers to quantitatively infer food intake. Furthermore, there
is a paucity of approaches for estimating the uncertainty around biomarker-
based inferred intake.

Here, to estimate the relationship between multiple metabolomic biomark-
ers and food intake in an intervention study conducted under the A-DIET
research programme, a latent variable model, multiMarker, is proposed. The
multiMarker model integrates factor analytic and mixture of experts models:
the observed biomarker values are related to intake which is described as a
continuous latent variable which follows a flexible mixture of experts model
with Gaussian components. The multiMarker model also facilitates inference
on the latent intake when only biomarker data are subsequently observed.
A Bayesian hierarchical modelling framework provides flexibility to adapt to
different biomarker distributions and facilitates inference of the latent intake
along with its associated uncertainty.

Simulation studies are conducted to assess the performance of the multi-
Marker model, prior to its application to the motivating application of quan-
tifying apple intake.
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We analyse levels and trends of intergenerational social class mobility
among three postwar birth cohorts in Britain and examine how much of the
observed mobility or immobility in them could be accounted for by exist-
ing differences in educational attainment between people from different class
backgrounds. We propose for this purpose a method which quantifies associ-
ations between categorical variables when we compare groups which differ
only in the distribution of a mediating variable, such as education. This is
analogous to estimation of indirect effects in causal mediation analysis but
is here developed to define and estimate population associations of variables.
We propose estimators for these associations which depend only on fitted val-
ues from models for the mediator and outcome variables, and propose vari-
ance estimators for them. The analysis shows that the part that differences in
education play in intergenerational class mobility is by no means so dominant
as has been supposed and that, while it varies with gender and with particular
mobility transitions, it shows no tendency to change over time.
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Predicting the outcome of elections, sporting events, entertainment
awards and other competitions has long captured the human imagination.
Such prediction is growing in sophistication in these areas, especially in
the rapidly growing field of data-driven journalism intended for a general
audience as the availability of historical information rapidly balloons. Pro-
viding statistical methodology to probabilistically predict competition out-
comes faces two main challenges. First, a suitably general modeling approach
is necessary to assign probabilities to competitors. Second, the modeling
framework must be able to accommodate expert opinion which is usually
available but difficult to fully encapsulate in typical data sets. We overcome
these challenges with a combined conditional logistic regression/subjective
Bayes approach. To illustrate the method, we reanalyze data from a recent
Time.com piece in which the authors attempted to predict the 2019 Best
Picture Academy Award winner using standard logistic regression. Toward
engaging and educating a broad readership, we discuss strategies to deploy
the proposed method via an online application.

REFERENCES

AGRESTI, A. (2013). Categorical Data Analysis, 3rd ed. Wiley Series in Probability and Statistics. Wiley Inter-
science, Hoboken, NJ. MR3087436

BRESLOW, N. E., DAY, N. E., HALVORSEN, K. T., PRENTICE, R. L. and SABAI, C. (1978). Estimation of
multiple relative risk functions in matched case-control studies. Am. J. Epidemiol. 108 299–307.

BRODY, R. (2019). My 2019 Oscar predictions. Availabe at https://www.newyorker.com/culture/the-front-row/
my-2019-oscars-predictions.

BYERS, D. (2012). Nate silver: One-term celebrity? Availabe at https://www.politico.com/blogs/media/2012/10/
nate-silver-one-term-celebrity-147618.

CHERTOFF, E. (2012). Ironic etymology of the day: ‘Pundit’ comes from a sanskrit word for ‘spiritual leader’.
Availabe at https://www.theatlantic.com/national/archive/2012/08/ironic-etymology-of-the-day-pundit-
comes-from-a-sanskrit-word-for-spiritual-leader/261493/.

COHN, N. (2017). A 2016 review: Why key state polls were wrong about Trump. Availabe at https://www.nytimes.
com/2017/05/31/upshot/a-2016-review-why-key-state-polls-were-wrong-about-trump.html.

FRANCK, C. T. and WILSON, C. E. (2021). Supplement to “Predicting competitions by combining condi-
tional logistic regression and subjective Bayes: An Academy Awards case study.” https://doi.org/10.1214/
21-AOAS1464SUPP

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2010). Regularization paths for generalized linear models via
coordinate descent. J. Stat. Softw. 33 1–22.

GRAY, T. (2020). How does oscar voting work? Availabe at https://variety.com/feature/who-votes-on-oscars-
academy-awards-how-voting-works-1203490944/.

HOETING, J. A., MADIGAN, D., RAFTERY, A. E. and VOLINSKY, C. T. (1999). Bayesian model averaging:
A tutorial. Statist. Sci. 14 382–417. With comments by M. Clyde, David Draper and E. I. George, and a
rejoinder by the authors. MR1765176 https://doi.org/10.1214/ss/1009212519

KASS, R. E. and RAFTERY, A. E. (1995). Bayes factors. J. Amer. Statist. Assoc. 90 773–795. MR3363402
https://doi.org/10.1080/01621459.1995.10476572

Key words and phrases. Academy Awards, conditional logistic regression, prior elicitation, subjective Bayes.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1464
http://www.imstat.org
mailto:chfranck@vt.edu
mailto:chris.wilson@time.com
http://Time.com
http://www.ams.org/mathscinet-getitem?mr=3087436
https://www.newyorker.com/culture/the-front-row/my-2019-oscars-predictions
https://www.politico.com/blogs/media/2012/10/nate-silver-one-term-celebrity-147618
https://www.theatlantic.com/national/archive/2012/08/ironic-etymology-of-the-day-pundit-comes-from-a-sanskrit-word-for-spiritual-leader/261493/
https://www.theatlantic.com/national/archive/2012/08/ironic-etymology-of-the-day-pundit-comes-from-a-sanskrit-word-for-spiritual-leader/261493/
https://www.nytimes.com/2017/05/31/upshot/a-2016-review-why-key-state-polls-were-wrong-about-trump.html
https://doi.org/10.1214/21-AOAS1464SUPP
https://variety.com/feature/who-votes-on-oscars-academy-awards-how-voting-works-1203490944/
https://variety.com/feature/who-votes-on-oscars-academy-awards-how-voting-works-1203490944/
http://www.ams.org/mathscinet-getitem?mr=1765176
https://doi.org/10.1214/ss/1009212519
http://www.ams.org/mathscinet-getitem?mr=3363402
https://doi.org/10.1080/01621459.1995.10476572
https://www.newyorker.com/culture/the-front-row/my-2019-oscars-predictions
https://www.politico.com/blogs/media/2012/10/nate-silver-one-term-celebrity-147618
https://www.nytimes.com/2017/05/31/upshot/a-2016-review-why-key-state-polls-were-wrong-about-trump.html
https://doi.org/10.1214/21-AOAS1464SUPP


KERR-DINEEN, L. (2017). Are ‘win probabilities’ useless? ESPN’s Director of Sports Analytics explains why
they’re not. Availabe at https://ftw.usatoday.com/2017/02/super-bowl-espn-win-probability-atlanta-falcons-
new-england-patriots-stats-tom-brady.

KING, A. (2019). Approximating the minds of 2019 Oscars voters using neural networks. Availabe at
https://towardsdatascience.com/approximating-the-minds-of-2019-oscars-voters-using-neural-networks-
b922f3d6864c.

LAWSON, R., COLLINS, K. A., ROBINSON, J., BUSIS, H. and HOGAN, M. (2019). 2019 Oscar predic-
tions: Who V.F.’s experts expect to win this year. Availabe at https://www.vanityfair.com/hollywood/2019/
02/oscars-2019-predictions-winners.

LENGEL, D. (2018). Has baseball analytics killed the art of hitting? Availabe at https://www.theguardian.com/
sport/2018/oct/02/has-baseball-analytics-killed-the-art-of-hitting.

LI, Y. and CLYDE, M. A. (2018). Mixtures of g-priors in generalized linear models. J. Amer. Statist. Assoc. 113
1828–1845. MR3902249 https://doi.org/10.1080/01621459.2018.1469992

LINZER, D. A. (2013). Dynamic Bayesian forecasting of presidential elections in the states. J. Amer. Statist.
Assoc. 108 124–134. MR3174607 https://doi.org/10.1080/01621459.2012.737735

LINZER, D. A. (2016). Forecasting the 2016 elections. Availabe at https://votamatic.org/forecasting-the-2016-
elections/.

NGUYEN, T. D. (2015). ‘Making big bucks’ with a data-driven sports betting strategy. Availabe at https://
towardsdatascience.com/making-big-bucks-with-a-data-driven-sports-betting-strategy-6c21a6869171.

O’HAGAN, A., BUCK, C., DANESHKHAH, A., EISER, J., GARTHWAITE, P., JENKINSON, D., OAKLEY, J. and
RAKOW, T. (2006). Uncertain Judgements: Eliciting Experts’ Probabilities. Statistics in Practice. Wiley, New
York.

ROTHSCHILD, D. and WILSON, C. E. (2012). Obama poised to win 2012 election with 303 electoral votes:
The Signal Forecast. Availabe at https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-
electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&
guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WD
ZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt
2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf.

SCHWARZ, G. (1978). Estimating the dimension of a model. Ann. Statist. 6 461–464. MR0468014
SILVER, N. (2012). Nov. 5: Late poll gains for obama leave romney with longer odds. Availabe at https://

fivethirtyeight.com/features/nov-5-late-poll-gains-for-obama-leave-romney-with-longer-odds.
SILVER, N. (2016). Who will win the presidency? Availabe at https://projects.fivethirtyeight.com/2016-election-

forecast/.
TANGO, T., LICHTMAN, M. and DOLPHIN, A. (2007). The Book: Playing the Percentages in Baseball. Potomac

Books.
WILSON, C. E. (2019). How a harry potter quiz gave back to science. Availabe at https://time.com/5529413/

harry-potter-quiz-sorting-hat/.
WILSON, C. E. and FRANCK, C. T. (2019). We taught a computer program to predict the Oscars. Here’s the

movie it says will win best picture. Availabe at https://time.com/5533849/oscars-academy-awards-prediction-
best-picture/.

WILSON, C. E. and FRANCK, C. T. (2020). Our Oscars algorithm predicted the best picture winner. Tell us your
guesses, too. Availabe at https://time.com/5779417/oscars-best-picture-prediction/.

YAO, Y., VEHTARI, A., SIMPSON, D. and GELMAN, A. (2018). Using stacking to average Bayesian predictive
distributions (with discussion). Bayesian Anal. 13 917–1003. Including a rejoinder by the authors. MR3853125
https://doi.org/10.1214/17-BA1091

https://ftw.usatoday.com/2017/02/super-bowl-espn-win-probability-atlanta-falcons-new-england-patriots-stats-tom-brady
https://ftw.usatoday.com/2017/02/super-bowl-espn-win-probability-atlanta-falcons-new-england-patriots-stats-tom-brady
https://towardsdatascience.com/approximating-the-minds-of-2019-oscars-voters-using-neural-networks-b922f3d6864c
https://towardsdatascience.com/approximating-the-minds-of-2019-oscars-voters-using-neural-networks-b922f3d6864c
https://www.vanityfair.com/hollywood/2019/02/oscars-2019-predictions-winners
https://www.theguardian.com/sport/2018/oct/02/has-baseball-analytics-killed-the-art-of-hitting
http://www.ams.org/mathscinet-getitem?mr=3902249
https://doi.org/10.1080/01621459.2018.1469992
http://www.ams.org/mathscinet-getitem?mr=3174607
https://doi.org/10.1080/01621459.2012.737735
https://votamatic.org/forecasting-the-2016-elections/
https://votamatic.org/forecasting-the-2016-elections/
https://towardsdatascience.com/making-big-bucks-with-a-data-driven-sports-betting-strategy-6c21a6869171
https://towardsdatascience.com/making-big-bucks-with-a-data-driven-sports-betting-strategy-6c21a6869171
https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WDZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf
http://www.ams.org/mathscinet-getitem?mr=0468014
https://fivethirtyeight.com/features/nov-5-late-poll-gains-for-obama-leave-romney-with-longer-odds
https://fivethirtyeight.com/features/nov-5-late-poll-gains-for-obama-leave-romney-with-longer-odds
https://projects.fivethirtyeight.com/2016-election-forecast/
https://projects.fivethirtyeight.com/2016-election-forecast/
https://time.com/5529413/harry-potter-quiz-sorting-hat/
https://time.com/5533849/oscars-academy-awards-prediction-best-picture/
https://time.com/5533849/oscars-academy-awards-prediction-best-picture/
https://time.com/5779417/oscars-best-picture-prediction/
http://www.ams.org/mathscinet-getitem?mr=3853125
https://doi.org/10.1214/17-BA1091
https://www.vanityfair.com/hollywood/2019/02/oscars-2019-predictions-winners
https://www.theguardian.com/sport/2018/oct/02/has-baseball-analytics-killed-the-art-of-hitting
https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WDZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf
https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WDZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf
https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WDZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf
https://news.yahoo.com/blogs/signal/obama-poised-win-2012-election-303-electoral-votes-202543583.html?guccounter=1&guce_referrer=aHR0cHM6Ly93d3cuZ29vZ2xlLmNvbS8&guce_referrer_sig=AQAAAGwXJfWnpRN_80VPUzPTdm1twXK3fl6gd5uKd-hsmryJF30s3JKBfbW65WDZHNXQn3AEKqu9dLE0VsNI1DhZxZrWYotdtFPhSvSGVvSd0O4nLiKmoQN7TR3evSwdqcXp92F9Tdvt2OlN80QJ6H0qi_W4GfYYdSkoHPYuCGMvEAMf
https://time.com/5529413/harry-potter-quiz-sorting-hat/


The Annals of Applied Statistics
Next Issues

Sparse matrix linear models for structured high-throughput data
JANE W. LIANG AND SAUNAK SEN

Modelled approximations to the ideal filter with application to GDP and its components
THOMAS M. TRIMBUR AND TUCKER MCELROY

Improving exoplanet detection power: Multivariate Gaussian process models for stellar
activity . . . . . . DAVID EDWARD JONES, DAVID C. STENNING, ERIC B. FORD, ROBERT L.

WOLPERT, THOMAS J. LOREDO, CHRISTIAN GILBERTSON AND XAVIER DUMUSQUE

Bounding the local average treatment effect in an instrumental variable analysis of engagement
with a mobile intervention . . . . . . . . . . . . . . . ANDREW JUSTIN SPIEKER, ROBERT GREEVY,

LYNDSAY NELSON AND LINDSAY MAYBERRY

A functional-data approach to the Argo data
DREW YARGER, STILIAN STOEV AND TAILEN HSING

Model-based distance embedding with applications to chromosomal conformation biology
YUPING ZHANG, DISHENG MAO AND ZHENGQING OUYANG

A Bayesian model of dose-response for cancer drug studies
WESLEY TANSEY, CHRISTOPHER TOSH AND DAVID BLEI

Inference in Bayesian additive vector autoregressive tree models
FLORIAN HUBER AND LUCA ROSSINI

A flexible Bayesian framework to estimate age- and cause-specific child mortality over time
from sample registration data . . . . . . . . . . . . . . . . . . . . . . . . . AUSTIN EDWARD SCHUMACHER,

TYLER H. MCCORMICK, JON WAKEFIELD, YUE CHU, JAMIE PERIN,
FRANCISCO VILLAVICENCIO, NOAH SIMON AND LI LIU

Robust causal inference for incremental return on ad spend with randomized paired geo
experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . AIYOU CHEN AND TIM AU

Bayesian nonparametric multivariate spatial mixture mixed effects models with application to
American Community Survey special tabulations . . . . . . . . RYAN JANICKI, ANDREW RAIM,

SCOTT H. HOLAN AND JERRY MAPLES

Bidimensional linked matrix factorization for pan-omics pan-cancer analysis
ERIC F. LOCK, JUN YOUNG PARK AND KATHERINE A. HOADLEY

Multivariate mixed membership modeling: Inferring domain-specific risk profiles
MASSIMILIANO RUSSO

Fast inference for time-varying quantiles via flexible dynamic models with application to the
characterization of atmospheric rivers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . RAQUEL BARATA,

RAQUEL PRADO AND BRUNO SANSO

Estimating the effectiveness of permanent price reductions for competing products using
multivariate Bayesian structural time series models

FIAMMETTA MENCHETTI AND IAVOR BOJINOV

Bayesian adjustment for preferential testing in estimating infection fatality rates, as motivated
by the COVID-19 pandemic . . . . . . . . . . . . . . . . . HARLAN CAMPBELL, PERRY DE VALPINE,

LAUREN MAXWELL, VALENTIJN M. T. DE JONG, THOMAS P. A. DEBRAY,
THOMAS JAENISCH AND PAUL GUSTAFSON

The assessment of replication success based on relative effect size
LEONHARD HELD, CHARLOTTE MICHELOUD AND SAMUEL PAWEL

Continued



The Annals of Applied Statistics
Next Issues—Continued

Subgroup-effects models for the analysis of personal treatment effects
LING ZHOU, SHIQUAN SUN, HAODA FU AND PETER X. K. SONG

Modeling non-stationary temperature maxima based on extremal dependence changing with
event magnitude . . . . . . . . . . . . . . . . PENG ZHONG, RAPHAEL HUSER AND THOMAS OPITZ

Sequential modeling, monitoring and forecasting of streaming web traffic data
KAORU IRIE, CHRISTOPHER GLYNN AND TEVFIK AKTEKIN

The role of intrinsic dimension in high-resolution player tracking data—Insights in basketball
EDGAR SANTOS FERNANDEZ, FRANCESCO DENTI,

KERRIE MENGERSEN AND ANTONIETTA MIRA

Pre-electoral polls variability: A hierarchical Bayesian model to assess the role of house effects
with application to Italian elections . . . . . . . . . . . . . . . . . . . . . . . . . . DOMENICO DE STEFANO,

FRANCESCO PAULI AND NICOLA TORELLI

Scalable changepoint and anomaly detection in cross-correlated data with an application to
condition monitoring . . . . . . . . . MARTIN TVETEN, IDRIS ECKLEY AND PAUL FEARNHEAD

Detecting and modeling changes in a time series of proportions
THOMAS J. FISHER, JING ZHANG, STEPHEN COLEGATE AND MICHAEL J. VANNI

Prediction of hereditary cancers using neural networks
ZOE GUAN, GIOVANNI PARMIGIANI, DANIELLE BRAUN AND LORENZO TRIPPA

Identifying intergenerational patterns of correlated methylation sites
XICHEN MOU, HONGMEI ZHANG AND HASAN ARSHAD

Adaptive design for Gaussian process regression under censoring
JIALEI CHEN, SIMON MAK, V. ROSHAN JOSEPH AND CHUCK ZHANG

Ordinal probit functional outcome regression with application to computer-use behavior in
rhesus monkeys . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . MARK J. MEYER, JEFFREY S. MORRIS,

REGINA PAXTON GAZES AND BRENT A. COULL

In-game win probabilities for the National Rugby League . . . . . . . . . . . . . . . . . . . . TIANYU GUAN,
ROBERT NGUYEN, JIGUO CAO AND TIM SWARTZ

Composite mixture of log-linear models with application to psychiatric studies
EMANUELE ALIVERTI AND DAVID DUNSON

Partitioning around medoids clustering and random forest classification for GIS-informed
imputation of fluoride concentration data . . . . . YU GU, JOHN PREISSER, DONGLIN ZENG,

POOJAN SHRESTHA, MOLINA SHAH, MIGUEL SIMANCAS-PALLARES,
JEANNIE GINNIS AND KIMON DIVARIS

Bayesian mitigation of spatial coarsening for a fairly flexible spatiotemporal Hawkes model
ANDREW JAMES HOLBROOK, XIANG JI AND MARC A. SUCHARD

Accounting for drop-out using inverse probability censoring weights in longitudinal clustered
data with informative cluster size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . AYA A. MITANI,

ELIZABETH K. KAYE AND KERRIE P. NELSON

Inhomogeneous spatio-temporal point processes on linear networks for visitors’ stops data
NICOLETTA D’ANGELO, GIADA ADELFIO, ANTONINO ABBRUZZO AND JORGE MATEU

Likelihood-based bacterial identification approach for bimicrobial mass spectrometry data
SO YOUNG RYU

Batch-sequential design and heteroskedastic surrogate modeling for delta smelt conservation
BOYA ZHANG, ROBERT B. GRAMACY, LEAH JOHNSON,

KENNETH A. ROSE AND ERIC SMITH

Intensity estimation on geometric networks with penalized splines
MARC SCHNEBLE AND GÖRAN KAUERMANN

Sparse block signal detection and identification for shared cross-trait association analysis
JIANQIAO WANG, WANJIE WANG AND HONGZHE LI

Computationally efficient Bayesian unit-level models for non-Gaussian data under informative
sampling . . . . . . . . . . . . . . . . . . . . PAUL A. PARKER, SCOTT H. HOLAN AND RYAN JANICKI

Continued



The Annals of Applied Statistics
Next Issues—Continued

Approximate Bayesian inference for analysis of spatio-temporal flood frequency data
ÁRNI V. JÓHANNESSON, STEFAN SIEGERT, RAPHAEL HUSER,

HAAKON BAKKA AND BIRGIR HRAFNKELSSON

Permutation tests under a rotating sampling plan with clustered data
JIAHUA CHEN, YUKUN LIU, CAROLYN TAYLOR AND JAMES ZIDAK

Inference for stochastic kinetic models from multiple data sources for joint estimation of
infection dynamics from aggregate reports and virological data . . OKSANA A. CHKREBTII,

YURY E. GARCIA, MARCOS A. CAPISTRAN AND DANIEL E. NOYOLA

Multi-state capture-recapture models for irregularly sampled data
SINA MEWS, ROLAND LANGROCK, RUTH KING AND NICOLA QUICK

Bayesian inverse reinforcement learning for collective animal movement
TORYN L. J. SCHAFER, CHRISTOPHER K. WIKLE AND MEVIN B. HOOTEN

A flexible sensitivity analysis approach for unmeasured confounding with multiple treatments
and a binary outcome with applications to SEER-Medicare lung cancer data

LIANGYUAN HU, JUNGANG ZOU, CHENYANG GU, JIAYI JI,
MICHAEL LOPEZ AND MINAL KALE

Robust Bayesian inference for big data: Combining sensor-based records with traditional survey
data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ALI RAFEI, CAROL A. C. FLANNAGAN,

BRADY T. WEST AND MICHAEL ELLIOTT

A sparse negative binomial classifier with covariate adjustment for RNA-seq data
TANBIN RAHMAN, HSIN-EN HUANG, YUJIA LI, AN-SHUN TAI,

WEN-PING HSIEH AND GEORGE C. TSENG

Kernel machine and distributed lag models for assessing windows of susceptibility to
environmental mixtures in children’s health studies . . . . . . . . . . . . . . . . . . . . ANDER WILSON,

HSIAO-HSIEN LEON HSU, YUEH-HSIU MATHILDA CHIU, ROBERT O. WRIGHT,
ROSALIND J. WRIGHT AND BRENT A. COULL

Contrastive latent variable modeling with application to case-control sequencing experiments
ANDREW JONES, F. WILLIAM TOWNES, DIDONG LI AND BARBARA E. ENGELHARDT

Detecting heterogeneous treatment effects with instrumental variables
MICHAEL WILLIAM JOHNSON, JIONGYI CAO AND HYUNSEUNG KANG

Statistical shape analysis of brain arterial networks (BAN)
XIAOYANG GUO, ADITI BASU BAL, TOM NEEDHAM AND ANUJ SRIVASTAVA

B-scaling: A novel nonparametric data fusion method
YIWEN LIU, XIAOXIAO SUN, WENXUAN ZHONG AND BING LI

Spatial-temporal-textual point processes for crime linkage detection
SHIXIANG ZHU AND YAO XIE

Markov-modulated Hawkes processes for modeling sporadic and bursty event occurrences in
social interactions . . . . . . . . . JING WU, OWEN WARD, JAMES CURLEY AND TIAN ZHENG

Graph link prediction in computer networks using Poisson matrix factorisation
FRANCESCO SANNA PASSINO, MELISSA J. M. TURCOTTE AND NICHOLAS A. HEARD

Matrix completion methods for the total electron content video reconstruction
HU SUN, ZHIJUN HUA, JIAEN REN, SHASHA ZOU, YUEKAI SUN AND YANG CHEN

Conditional functional clustering for longitudinal data with heterogeneous nonlinear patterns
TIANHAO WANG, LEI YU, SUE E. LEURGANS, ROBERT S. WILSON,

DAVID A. BENNETT AND PATRICIA A. BOYLE

Impact evaluation of the LAPD community safety partnership . . . . . . . . . . . SYDNEY KAHMANN,
ERIN HARTMAN, JORJA LEAP AND P. JEFFREY BRANTINGHAM

Higher criticism for discriminating word-frequency tables and authorship attribution
ALON KIPNIS

The causal effect of a timeout at stopping an opposing run in the NBA
CONNOR PIERCE GIBBS, RYAN ELMORE AND BAILEY KATHRYN FOSDICK

Bayesian semiparametric long memory models for discretized event data
ANTIK CHAKRABORTY, OTSO OVASKAINEN AND DAVID DUNSON

Continued



The Annals of Applied Statistics
Next Issues—Continued

Co-clustering of multivariate functional data for the analysis of air pollution in the south of
France . . . . . . . . . . . . . . CHARLES BOUVEYRON, JULIEN JACQUES, AMANDINE SCHMUTZ,

FANNY SIMOES AND SILVIA BOTTINI

Integrated Quantile RAnk Test (iQRAT) for gene-level associations in sequencing studies
TIANYING WANG, IULIANA IONITA-LAZA AND YING WEI

A novel framework to estimate multi-dimensional minimum effective doses using asymmetric
posterior gain and ε-tapering. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . YING KUEN CHEUNG,

THEVAA CHANDERENG AND KEITH M. DIAZ

A Bayesian precision medicine framework for calibrating individualized therapeutic indices in
cancer . . . . . . . . . . . . ABHISEK SAHA, MIN JIN HA AND VEERA BALADANDAYUTHAPANI

Bayesian Local False Discovery Rate for sparse count data with application to the discovery of
hotspots in protein domains . . . . . IRIS IVY M. GAURAN, JUNYONG PARK, ILIA RATTSEV,

THOMAS A. PETERSON, MARICEL G. KANN AND DOHWAN PARK

Dirichlet-tree multinomial mixtures for clustering microbiome compositions
JIALIANG MAO AND LI MA

Semiparametric point process modeling of blinking artifacts in PALM
LOUIS GAMMELGAARD JENSEN, DAVID JOHN WILLIAMSON AND UTE HAHN

Semiparametric Bayesian forecasting of spatio-temporal earthquake occurrences
GORDON J. ROSS AND ALEKSANDAR A. KOLEV

Improved inference on risk measures for univariate extremes
LÉO RAYMOND BELZILE AND ANTHONY CHRISTOPHER DAVISON

A Bayesian hierarchical modeling approach to combining multiple data sources: A case study in
size estimation . . . . . . . . . . . . . JACOB LEE PARSONS, XIAOYUE MAGGIE NIU AND LE BAO

Estimating mode effects from a sequential mixed-mode experiment using structural moment
models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . PAUL CLARKE AND YANCHUN BAO

Measuring performance for end-of-life care . . . . . . SEBASTIEN HANEUSE, DEBORAH SCHRAG,
FRANCESCA DOMINICI, SHARON-LISE NORMAND AND KYU HA LEE

Semiparametric multinomial mixed-effects models: A university students profiling tool
CHIARA MASCI, FRANCESCA IEVA AND ANNA MARIA PAGANONI

Critical window variable selection for mixtures: Estimating the impact of multiple air pollutants
on stillbirth . . . . . . . . . JOSHUA L. WARREN, HOWARD H. CHANG, LAUREN K. WARREN,

MATTHEW J. STRICKLAND, LYNDSEY A. DARROW AND JAMES A. MULHOLLAND

High-resolution Bayesian mapping of landslide hazard with unobserved trigger event
THOMAS OPITZ, HAAKON BAKKA, RAPHAËL HUSER AND LUIGI LOMBARDO

Bayesian functional registration of fMRI data
GUOQING WANG, ABHIRUP DATTA AND MARTIN A. LINDQUIST

Joint integrative analysis of multiple data sources with correlated vector outcomes
EMILY CHARLOTTE HECTOR AND PETER X.-K. SONG

Detection of two-way outliers in multivariate data and application to cheating detection in
educational tests . . . . . . . . . . . . . . . . . . . . . . YUNXIAO CHEN, YAN LU AND IRINI MOUSTAKI

Measurement error correction in particle tracking microrheology . . YUN LING, MARTIN LYSY,
IAN SEIM, JAY NEWBY, DAVID HILL, JEREMY CRIBB AND M. GREGORY FOREST

Sensitivity analysis for evaluating principal surrogate endpoints relaxing the equal early clinical
risk assumption . . . . . . . . . . . . . . YING HUANG, YINGYING ZHUANG AND PETER GILBERT

Parameter calibration in wake effect simulation model with stochastic gradient descent and
stratified sampling . . BINGJIE LIU, XUBO YUE, EUNSHIN BYON AND RAED AL KONTAR

Asymmetric tail dependence modeling, with application to cryptocurrency market data
YAN GONG AND RAPHAEL HUSER

Analysis of presence-only data via exact Bayes, with model and effects identification
GUIDO ALBERTI MOREIRA AND DANI GAMERMAN

Estimation of the marginal effect of antidepressants on body mass index under confounding and
endogenous covariate-driven monitoring times . . . . . . . . . . . . . . . . . . . . . . . JANIE COULOMBE,

ERICA E. M. MOODIE, ROBERT W. PLATT AND CHRISTEL RENOUX

Continued



The Annals of Applied Statistics
Next Issues—Continued

Estimating the stillbirth rate for 195 countries using a Bayesian sparse regression model with
temporal smoothing . . ZHENGFAN WANG, MIRANDA J. FIX, LUCIA HUG, ANU MISHRA,

DANZHEN YOU, HANNAH BLENCOWE, JON WAKEFIELD AND LEONTINE ALKEMA

Functional random effects modeling of brain shape and connectivity
EARDI LILA AND JOHN A. D. ASTON

Correction to: A Bayesian model of microbiome data for simultaneous identification of
covariate associations and prediction of phenotypic outcomes . . . . . . . . MARINA VANNUCCI

Hierarchical resampling for bagging in multi-study prediction with applications to human
neurochemical sensing . . . . . . . . . . . . . . . . . . . . . . . . . GABRIEL LOEWINGER, PRASAD PATIL,

KENNETH KISHIDA AND GIOVANNI PARMIGIANI

Large-scale multivariate sparse regression with applications to UK Biobank
JUNYANG QIAN, YOSUKE TANIGAWA, RUILIN LI, ROBERT TIBSHIRANI,

MANUEL A. RIVAS AND TREVOR HASTIE




