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MODEL-BASED DISTANCE EMBEDDING WITH APPLICATIONS TO
CHROMOSOMAL CONFORMATION BIOLOGY

BY YUPING ZHANG1,a, DISHENG MAO1,b AND ZHENGQING OUYANG2,c

1Department of Statistics, University of Connecticut, ayuping.zhang@uconn.edu, bdisheng.mao@uconn.edu
2Department of Biostatistics and Epidemiology, School of Public Health and Health Sciences, University of Massachusetts,

couyang@schoolph.umass.edu

Recent development of high-throughput biotechnologies, such as Hi-C,
have enabled genome-wide measurement of chromosomal conformation. The
interaction signals among genomic loci are contaminated with noises. It re-
mains largely unknown how well the underlying chromosomal conformation
can be elucidated, based on massive and noisy measurements. We propose a
new model-based distance embedding (MDE) framework, to reveal spatial or-
ganizations of chromosomes. The proposed framework is a general methodol-
ogy, which allows us to link accurate probabilistic models, which characterize
biological data properties, to efficiently recovering Euclidean distance matri-
ces from noisy observations. The performance of MDE is shown through
numerical experiments inspired by regular helix structure and random move-
ment of chromosomes. The practical merits of MDE are also demonstrated
by applications to real Hi-C data from both human and mouse cells which are
further validated by gold standard benchmarks.
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CONTRASTIVE LATENT VARIABLE MODELING WITH APPLICATION TO
CASE-CONTROL SEQUENCING EXPERIMENTS

BY ANDREW JONESa, F. WILLIAM TOWNESb, DIDONG LIc AND BARBARA

E. ENGELHARDTd

Department of Computer Science, Princeton University, aaj13@princeton.edu, bftownes@princeton.edu,
cdidongli@princeton.edu, dbee@princeton.edu

High-throughput RNA-sequencing (RNA-seq) technologies are power-
ful tools for understanding cellular state. Often, it is of interest to quantify
and to summarize changes in cell state that occur between experimental or
biological conditions. Differential expression is typically assessed using uni-
variate tests to measure genewise shifts in expression. However, these meth-
ods largely ignore changes in transcriptional correlation. Furthermore, there
is a need to identify the low-dimensional structure of the gene expression
shift to identify collections of genes that change between conditions. Here,
we propose contrastive latent variable models designed for count data to
create a richer portrait of differential expression in sequencing data. These
models disentangle the sources of transcriptional variation in different con-
ditions in the context of an explicit model of variation at baseline. More-
over, we develop a model-based hypothesis testing framework that can test
for global and gene subset-specific changes in expression. We evaluate our
model through extensive simulations and analyses with count-based gene ex-
pression data from perturbation and observational sequencing experiments.
We find that our methods effectively summarize and quantify complex tran-
scriptional changes in case-control experimental sequencing data.
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Very often for the same scientific question, there may exist different
techniques or experiments that measure the same numerical quantity. Histori-
cally, various methods have been developed to exploit the information within
each type of data independently. However, statistical data fusion methods
that could effectively integrate multisource data under a unified framework
are lacking. In this paper we propose a novel data fusion method, called B-
scaling, for integrating multisource data. Consider K measurements that are
generated from different sources but measure the same latent variable through
some linear or nonlinear ways. We seek to find a representation of the latent
variable, named B-mean, which captures the common information contained
in the K measurements while taking into account the nonlinear mappings
between them and the latent variable. We also establish the asymptotic prop-
erty of the B-mean and apply the proposed method to integrate multiple hi-
stone modifications and DNA methylation levels for characterizing epige-
nomic landscape. Both numerical and empirical studies show that B-scaling
is a powerful data fusion method with broad applications.
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Graph link prediction is an important task in cybersecurity: relationships
between entities within a computer network, such as users interacting with
computers or system libraries and the corresponding processes that use them,
can provide key insights into adversary behaviour. Poisson matrix factorisa-
tion (PMF) is a popular model for link prediction in large networks, particu-
larly useful for its scalability. In this article PMF is extended to include sce-
narios that are commonly encountered in cybersecurity applications. Specifi-
cally, an extension is proposed to explicitly handle binary adjacency matrices
and include known categorical covariates associated with the graph nodes.
A seasonal PMF model is also presented to handle seasonal networks. To al-
low the methods to scale to large graphs, variational methods are discussed
for performing fast inference. The results show an improved performance
over the standard PMF model and other statistical network models.
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The total electron content (TEC) maps can be used to estimate the signal
delay of GPS due to the ionospheric electron content between a receiver and
satellite. This delay can result in GPS positioning error. Thus, it is important
to monitor the TEC maps. The observed TEC maps have big patches of miss-
ingness in the ocean and scattered small areas of missingness on the land. In
this paper we propose several extensions of existing matrix completion algo-
rithms to achieve TEC map reconstruction, accounting for spatial smoothness
and temporal consistency while preserving important structures of the TEC
maps. We call the proposed method video imputation with softImpute, tempo-
ral smoothing and auxiliary data (VISTA). Numerical simulations that mimic
patterns of real data are given. We show that our proposed method achieves
better reconstructed TEC maps, as compared to existing methods in literature.
Our proposed computational algorithm is general and can be readily applied
for other problems besides TEC map reconstruction.
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In the summer of 2017, the National Basketball Association reduced the
number of total timeouts, along with other rule changes, to regulate the flow
of the game. With these rule changes it becomes increasingly important for
coaches to effectively manage their timeouts. Understanding the utility of
a timeout under various game scenarios, for example, during an opposing
team’s run, is of the utmost importance. There are two schools of thought
when the opposition is on a run: (1) call a timeout and allow your team to rest
and regroup, or (2) save a timeout and hope your team can make corrections
during play. This paper investigates the credence of these tenets using the Ru-
bin causal model framework to quantify the causal effect of a timeout in the
presence of an opposing team’s run. Too often overlooked, we carefully con-
sider the stable unit-treatment-value assumption (SUTVA) in this context and
use the SUTVA to motivate our definition of units. To measure the effect of a
timeout, we introduce a novel, interpretable outcome based on the score dif-
ference to describe broad changes in the scoring dynamics. This outcome is
well suited for situations where the quantity of interest fluctuates frequently,
a commonality in many sports analytics applications. We conclude from our
analysis that, while comebacks frequently occur after a run, it is slightly dis-
advantageous to call a timeout during a run by the opposing team and further
demonstrate that the magnitude of this effect varies by franchise.
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We introduce a new class of semiparametric latent variable models for
long memory discretized event data. The proposed methodology is motivated
by a study of bird vocalizations in the Amazon rain forest; the timings of vo-
calizations exhibit self-similarity and long range dependence. This rules out
Poisson process based models where the rate function itself is not long range
dependent. The proposed class of FRActional Probit (FRAP) models is based
on thresholding, a latent process. This latent process is modeled by a smooth
Gaussian process and a fractional Brownian motion by assuming an additive
structure. We develop a Bayesian approach to inference using Markov chain
Monte Carlo and show good performance in simulation studies. Applying
the methods to the Amazon bird vocalization data, we find substantial evi-
dence for self-similarity and non-Markovian/Poisson dynamics. To accom-
modate the bird vocalization data in which there are many different species
of birds exhibiting their own vocalization dynamics, a hierarchical expansion
of FRAP is provided in the Supplementary Material.
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Nowadays, air pollution is a major threat for public health with clear
relationships with many diseases, especially cardiovascular ones. The spa-
tiotemporal study of pollution is of great interest for governments and local
authorities when deciding for public alerts or new city policies against pollu-
tion increase. The aim of this work is to study spatiotemporal profiles of en-
vironmental data collected in the south of France (Région Sud) by the public
agency AtmoSud. The idea is to better understand the exposition to pollutants
of inhabitants on a large territory with important differences in term of geog-
raphy and urbanism. The data gather the recording of daily measurements of
five environmental variables, namely, three pollutants (PM10, NO2, O3) and
two meteorological factors (pressure and temperature) over six years. Those
data can be seen as multivariate functional data: quantitative entities evolving
along time for which there is a growing need of methods to summarize and
understand them. For this purpose a novel co-clustering model for multivari-
ate functional data is defined. The model is based on a functional latent block
model which assumes for each co-cluster a probabilistic distribution for mul-
tivariate functional principal component scores. A stochastic EM algorithm,
embedding a Gibbs sampler, is proposed for model inference as well as a
model selection criteria for choosing the number of co-clusters. The appli-
cation of the proposed co-clustering algorithm on environmental data of the
Région Sud allowed to divide the region, composed by 357 zones, into six
macroareas with common exposure to pollution. We showed that pollution
profiles vary accordingly to the seasons, and the patterns are similar during
the six years studied. These results can be used by local authorities to de-
velop specific programs to reduce pollution at the macroarea level and to
identify specific periods of the year with high pollution peaks in order to set
up specific health prevention programs. Overall, the proposed co-clustering
approach is a powerful resource to analyse multivariate functional data in
order to identify intrinsic data structure and to summarize variables profiles
over long periods of time.
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Gene-based testing is a commonly employed strategy in many genetic
association studies. Gene-trait associations can be complex due to underlying
population heterogeneity, gene-environment interactions, and various other
reasons. Existing gene-based tests, such as burden and sequence kernel as-
sociation tests (SKAT), are mean-based tests and may miss or underestimate
higher-order associations that could be scientifically interesting. In this paper
we propose a new family of gene-level association tests that integrate quantile
rank score process to better accommodate complex associations. The result-
ing test statistics have multiple advantages: (1) they are almost as efficient as
the best existing tests when the associations are homogeneous across quan-
tile levels and have improved efficiency for complex and heterogeneous as-
sociations; (2) they provide useful insights into risk stratification; (3) the test
statistics are distribution free and could hence accommodate a wide range of
underlying distributions, and (4) they are computationally efficient. We estab-
lished the asymptotic properties of the proposed tests under the null and alter-
native hypotheses and conducted large-scale simulation studies to investigate
their finite sample performance. The performance of the proposed approach
is compared with that of conventional mean-based tests, that is, the burden
and SKAT tests, through simulation studies and applications to a metabochip
dataset on lipid traits and to the genotype-tissue expression data in GTEx to
identify eGenes, that is, genes whose expression levels are associated with
cis-eQTLs.
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In this article we address the problem of estimating minimum effective
doses in dose-finding clinical trials of multidimensional treatment. We are
motivated by a behavioral intervention trial where we introduce sedentary
breaks to subjects with a goal to reduce their glucose level monitored over 8
hours. Each sedentary break regimen is defined by two elements: break fre-
quency and break duration. The trial aims to identify minimum combinations
of frequency and duration that shift mean glucose, that is, the minimum effec-
tive dose (MED) combinations. The means of glucose reduction associated
with the dose combinations are only partially ordered. To circumvent con-
strained estimation due to partial ordering, we propose estimating the MED
by maximizing a weighted product of combinationwise posterior gains. The
estimation adopts an asymmetric gain function, indexed by a decision pa-
rameter ε, which defines the relative gains of a true negative decision and a
true positive decision. We also introduce an adaptive ε-tapering algorithm to
be used in conjunction with the estimation method. Simulation studies show
that using asymmetric gain with a carefully chosen ε is critical to keeping
false discoveries low, while ε-tapering adds to the probability of identifying
truly effective doses (i.e., true positives). Under an ensemble of scenarios for
the sedentary break study, ε-tapering yields consistently high true positive
rates across scenarios and achieves about 90% true positive rate, compared to
68% by a nonadaptive design with comparable false discovery rate.
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In cancer research at the molecular level, it is critical to understand which
somatic mutations play an important role in the initiation or progression of
cancer. Recently, studying cancer somatic variants at the protein domain level
is an important area for uncovering functionally related somatic mutations.
The main issue is to find the protein domain hotspots which have significantly
high frequency of mutations. Multiple testing procedures are commonly used
to identify hotspots; however, when data is not large enough, existing meth-
ods produce unreliable results with failure in controlling a given type I error
rate. We propose multiple testing procedures, based on Bayesian local false
discovery rate, for sparse count data and apply it in the identification of clus-
ters of somatic mutations across entire gene families using protein domain
models. In multiple testing for count data, it is not clear what kind of the null
distribution should be admitted. In our proposed algorithms, we implement
the zero assumption in the context of Bayesian methods to identify the null
distribution for count data rather than using any theoretical null distribution.
Furthermore, we also address different types of modeling of alternative distri-
butions. The proposed fully Bayesian models are efficient when the number
of count data is small (50 ≤ N < 200) while the local false discovery rate
procedures, based on the empirical Bayes, is desirable for a large number of
data (N > 800). We provide numerical studies to show that the proposed fully
Bayesian methods can control a given level of false discovery rate for small
number of positions while existing approaches based on nonparametric em-
pirical Bayes fail in controlling a false discovery rate. In addition, we present
real data examples of protein domain data to select hotspots in protein domain
data.
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Studying the human microbiome has gained substantial interest in re-
cent years, and a common task in the analysis of these data is to cluster
microbiome compositions into subtypes. This subdivision of samples into
subgroups serves as an intermediary step in achieving personalized diagno-
sis and treatment. In applying existing clustering methods to modern micro-
biome studies, including the American Gut Project (AGP) data, we found
that this seemingly standard task, however, is very challenging in the mi-
crobiome composition context, due to several key features of such data.
Standard distance-based clustering algorithms generally do not produce re-
liable results, as they do not take into account the heterogeneity of the cross-
sample variability among the bacterial taxa, while existing model-based ap-
proaches do not allow sufficient flexibility for the identification of complex
within-cluster variation from cross-cluster variation. Direct applications of
such methods generally lead to overly dispersed clusters in the AGP data,
and such a phenomenon is common for other microbiome data. To overcome
these challenges, we introduce Dirichlet-tree multinomial mixtures (DTMM)
as a Bayesian generative model for clustering amplicon sequencing data in
microbiome studies. DTMM models the microbiome population with a mix-
ture of Dirichlet-tree kernels that utilizes the phylogenetic tree to offer a more
flexible covariance structure in characterizing within-cluster variation, and it
provides a means for identifying a subset of signature taxa that distinguish
the clusters. We perform extensive simulation studies to evaluate the perfor-
mance of DTMM, compare it to state-of-the-art model-based and distance-
based clustering methods in the microbiome context and carry out a validation
study on a publicly available longitudinal data set to confirm the biological
relevance of the clusters. Finally, we report a case study on the fecal data from
the AGP to identify compositional clusters among individuals with inflamma-
tory bowel disease and diabetes. Among our most interesting findings is that
enterotypes (i.e., gut microbiome clusters) are not always defined by the most
dominant taxa, as previous analyses had assumed, but can involve a number
of less abundant taxa which cannot be identified with existing distance-based
and method-based approaches.
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Photoactivated localization microscopy (PALM) is a powerful imaging
technique for characterization of protein organization in biological cells. Due
to the stochastic blinking of fluorescent probes and camera discretization
effects, each protein gives rise to a cluster of artificial observations. These
blinking artifacts are an obstacle for quantitative analysis of PALM data, and
tools for their correction are in high demand. We develop the independent
blinking cluster point process (IBCpp) family of models, which is suited for
modeling of data from single-molecule localization microscopy modalities,
and we present results on the mark correlation function. We then construct
the PALM-IBCpp, a semiparametric IBCpp tailored for PALM data, and we
describe a procedure for estimation of parameters which can be used without
parametric assumptions on the spatial organization of proteins. Our model is
validated on nuclear pore complex reference data, where the ground truth was
accurately recovered, and we demonstrate how the estimated blinking param-
eters can be used to perform a blinking corrected test for protein clustering
in a cell expressing the adaptor protein LAT. Finally, we consider simulations
with varying degrees of blinking and protein clustering to shed light on the
expected performance in a range of realistic settings.
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We discuss the use of likelihood asymptotics for inference on risk mea-
sures in univariate extreme value problems, focusing on estimation of high
quantiles and similar summaries of risk for uncertainty quantification. We
study whether higher-order approximation, based on the tangent exponential
model, can provide improved inferences. We conclude that inference based
on maxima is generally robust to mild model misspecification and that profile
likelihood-based confidence intervals will often be adequate, whereas infer-
ences based on threshold exceedances can be badly biased but may be im-
proved by higher-order methods, at least for moderate sample sizes. We use
the methods to shed light on catastrophic rainfall in Venezuela, flooding in
Venice, and the lifetimes of Italian semisupercentenarians.
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To combat the HIV/AIDS pandemic effectively, targeted interventions
among certain key populations play a critical role. Examples of such key pop-
ulations include sex workers, people who inject drugs, and men who have sex
with men. While having accurate estimates for the size of these key popula-
tions is important, any attempt to directly contact or count members of these
populations is difficult. As a result, indirect methods are used to produce size
estimates. Multiple approaches for estimating the size of such populations
have been suggested but often give conflicting results. It is, therefore, neces-
sary to have a principled way to combine and reconcile these estimates. To
this end, we present a Bayesian hierarchical model for estimating the size of
key populations that combines multiple estimates from different sources of
information. The proposed model makes use of multiple years of data and
explicitly models the systematic error in the data sources used. We use the
model to estimate the size of people who inject drugs in Ukraine. We eval-
uate the appropriateness of the model and compare the contribution of each
data source to the final estimates.
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Until recently, the survey mode of the household panel study Under-
standing Society was mainly face-to-face interview, but it has now adopted
a mixed-mode design where individuals can self-complete the questionnaire
via the web. As mode is known to affect survey data, a randomized mixed-
mode experiment was implemented during the first year of the two-year Wave
8 fieldwork period to assess the impact of this change. The experiment in-
volved a sequential design that permits the identification of mode effects
in the presence of nonignorable nonrandom mode selection. While previous
studies have used instrumental variables regression to estimate the effects
of mode on the means of the survey variables, we describe a more general
methodology based on novel structural moment models that characterizes the
overall effect of mode on a survey by its effects on the moments of the survey
variables’ joint distribution. We adapt our estimation procedure to account for
nonresponse and complex sampling designs and to include suitable auxiliary
data to improve inference and relax key assumptions. Finally, we demonstrate
how to estimate the effects of mode on the parameter estimates of general-
ized linear models and other exponential family models when both outcomes
and predictors are subject to mode effects. This methodology is used to in-
vestigate the impact of the move to web mode on Wave 8 of Understanding
Society.
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Although not without controversy, readmission is entrenched as a hospi-
tal quality metric with statistical analyses generally based on fitting a logistic-
Normal generalized linear mixed model. Such analyses, however, ignore
death as a competing risk, although doing so for clinical conditions with
high mortality can have profound effects; a hospital’s seemingly good per-
formance for readmission may be an artifact of it having poor performance
for mortality. In this paper we propose novel multivariate hospital-level per-
formance measures for readmission and mortality that derive from framing
the analysis as one of cluster-correlated semi-competing risks data. We also
consider a number of profiling-related goals, including the identification of
extreme performers and a bivariate classification of whether the hospital has
higher-/lower-than-expected readmission and mortality rates via a Bayesian
decision-theoretic approach that characterizes hospitals on the basis of min-
imizing the posterior expected loss for an appropriate loss function. In some
settings, particularly if the number of hospitals is large, the computational
burden may be prohibitive. To resolve this, we propose a series of analysis
strategies that will be useful in practice. Throughout, the methods are illus-
trated with data from CMS on N = 17,685 patients diagnosed with pancreatic
cancer between 2000–2012 at one of J = 264 hospitals in California.
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Many applicative studies deal with multinomial responses and hierarchi-
cal data. Performing clustering at the highest level of grouping, in multilevel
multinomial regression, is also often of interest. In this study we analyse Po-
litecnico di Milano data with the aim of profiling students, modelling their
probabilities of belonging to different categories and considering their nested
structure within engineering degree programmes. In particular, we are inter-
ested in clustering degree programmes standing on their effects on different
types of student career. To this end, we propose an EM algorithm for im-
plementing semiparametric mixed-effects models dealing with a multinomial
response. The novel semiparametric approach assumes the random effects
to follow a multivariate discrete distribution with an a priori unknown num-
ber of support points, that is, allowed to differ across response categories.
The advantage of this modelling is twofold: the discrete distribution on ran-
dom effects allows, first, to express the marginal density as a weighted sum,
avoiding numerical problems in the integration step, typical of the parametric
approach, and, second, to identify a latent structure at the highest level of the
hierarchy where groups are clustered into subpopulations.
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Understanding the role of time-varying pollution mixtures on human
health is critical as people are simultaneously exposed to multiple pollutants
during their lives. For vulnerable subpopulations who have well-defined ex-
posure periods (e.g., pregnant women), questions regarding critical windows
of exposure to these mixtures are important for mitigating harm. We extend
critical window variable selection (CWVS) to the multipollutant setting by in-
troducing CWVS for mixtures (CWVSmix), a hierarchical Bayesian method
that combines smoothed variable selection and temporally correlated weight
parameters to: (i) identify critical windows of exposure to mixtures of time-
varying pollutants, (ii) estimate the time-varying relative importance of each
individual pollutant and their first order interactions within the mixture, and
(iii) quantify the impact of the mixtures on health. Through simulation we
show that CWVSmix offers the best balance of performance in each of these
categories in comparison to competing methods. Using these approaches, we
investigate the impact of exposure to multiple ambient air pollutants on the
risk of stillbirth in New Jersey, 2005–2014. We find consistent elevated risk
in gestational weeks 2, 16–17, and 20 for non-Hispanic Black mothers, with
pollution mixtures dominated by ammonium (weeks 2, 17, 20), nitrate (weeks
2, 17), nitrogen oxides (weeks 2, 16), PM2.5 (week 2), and sulfate (week 20).
The method is available in the R package CWVSmix.
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Statistical models for landslide hazard enable mapping of risk factors and
landslide occurrence intensity by using geomorphological covariates avail-
able at high spatial resolution. However, the spatial distribution of the trigger-
ing event (e.g., precipitation or earthquakes) is often not directly observed. In
this paper we develop Bayesian spatial hierarchical models for point patterns
of landslide occurrences using different types of log-Gaussian Cox processes.
Starting from a competitive baseline model that captures the unobserved pre-
cipitation trigger through a spatial random effect at slope unit resolution, we
explore novel complex model structures that take clusters of events arising
at small spatial scales into account as well as nonlinear or spatially-varying
covariate effects. For a 2009 event of around 5000 precipitation-triggered
landslides in Sicily, Italy, we show how to fit our proposed models efficiently,
using the integrated nested Laplace approximation (INLA), and rigorously
compare the performance of our models both from a statistical and applied
perspective. In this context we argue that model comparison should not be
based on a single criterion and that different models of various complexity
may provide insights into complementary aspects of the same applied prob-
lem. In our application our models are found to have mostly the same spa-
tial predictive performance, implying that key to successful prediction is the
inclusion of a slope-unit resolved random effect capturing the precipitation
trigger. Interestingly, a parsimonious formulation of space-varying slope ef-
fects reflects a physical interpretation of the precipitation trigger: in subareas
with weak trigger, the slope steepness is shown to be mostly irrelevant.
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Functional magnetic resonance imaging (fMRI) has provided invaluable
insight into our understanding of human behavior. However, large interindi-
vidual differences in both brain anatomy and functional localization after
anatomical alignment remain a major limitation in conducting group anal-
yses and performing population level inference. This paper addresses this
problem by developing and validating a new computational technique for re-
ducing misalignment across individuals in functional brain systems by spa-
tially transforming each subject’s functional data to a common reference map.
Our proposed Bayesian functional registration approach allows us to assess
differences in brain function across subjects and individual differences in ac-
tivation topology. It combines intensity-based and feature-based information
into an integrated framework and allows inference to be performed on the
transformation via the posterior samples. We evaluate the method in a simu-
lation study and apply it to data from a study of thermal pain. We find that the
proposed approach provides increased sensitivity for group-level inference.

REFERENCES

ALLISON, T., PUCE, A., SPENCER, D. D. and MCCARTHY, G. (1999). Electrophysiological studies of human
face perception. I: Potentials generated in occipitotemporal cortex by face and non-face stimuli. Cereb. Cortex
9 415–430.

AMUNTS, K., MALIKOVIC, A., MOHLBERG, H., SCHORMANN, T. and ZILLES, K. (2000). Brodmann’s areas
17 and 18 brought into stereotaxic space-where and how variable? NeuroImage 11 66–84. https://doi.org/10.
1006/nimg.1999.0516

AWANGE, J. L., BAE, K. H. and CLAESSENS, S. J. (2008). Procrustean solution of the 9-parameter transforma-
tion problem. Earth Planets Space 60 529–537.

BANERJEE, S., CARLIN, B. P. and GELFAND, A. E. (2014). Hierarchical Modeling and Analysis for Spatial
Data, Second Edition ed. CRC Press, Philadelphia, PA.

BESL, P. J. and MCKAY, N. D. (1992). A method for registration of 3-D shapes. IEEE Trans. Pattern Anal.
Mach. Intell. 14 239–256.

BISSIRI, P. G., HOLMES, C. C. and WALKER, S. G. (2016). A general framework for updating belief distribu-
tions. J. R. Stat. Soc. Ser. B. Stat. Methodol. 78 1103–1130. MR3557191 https://doi.org/10.1111/rssb.12158

BRADLEY, D. and ROTH, G. (2007). Adaptive thresholding using the integral image. J. Graphics Tools 12 13–21.
BRUNET, F., BARTOLI, A., NAVAB, N. and MALGOUYRES, R. (2010). Pixel-based hyperparameter selection for

feature-based image registration. VMV 2010—Vision. Model. Vis. 33–40.
BUSHNELL, M., DUNCAN, G., HOFBAUER, R., HA, B., CHEN, J.-I. and CARRIER, B. (1999). Pain perception:

Is there a role for primary somatosensory cortex? Proc. Natl. Acad. Sci. USA 96 7705–7709.
CARPENTER, B., LEE, D., BRUBAKER, M. A., RIDDELL, A., GELMAN, A., GOODRICH, B., GUO, J., HOFF-

MAN, M., BETANCOURT, M. et al. (2017). Stan: A probabilistic programming language. J. Stat. Softw. 76
1–32.

CEDERBERG, J. N. (2001). A Course in Modern Geometries, 2nd ed. Undergraduate Texts in Mathematics.
Springer, New York. MR1798736 https://doi.org/10.1007/978-1-4757-3490-4

CHEN, P. H., GUNTUPALLI, J. S., HAXBY, J. V. and RAMADGE, P. J. (2014). Joint SVD-hyperalignment for
multi-subject FMRI data alignment. In IEEE International Workshop on Machine Learning for Signal Pro-
cessing, MLSP 1–6.

CHERNOZHUKOV, V. and HONG, H. (2003). An MCMC approach to classical estimation. J. Econometrics 115
293–346. MR1984779 https://doi.org/10.1016/S0304-4076(03)00100-3

Key words and phrases. Functional magnetic resonance imaging, group-level analysis, registration, Bayesian
methods, interindividual differences, pain.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1562
http://www.imstat.org
mailto:gqw@jhu.edu
mailto:abhidatta@jhu.edu
mailto:mlindquist@jhu.edu
https://doi.org/10.1006/nimg.1999.0516
http://www.ams.org/mathscinet-getitem?mr=3557191
https://doi.org/10.1111/rssb.12158
http://www.ams.org/mathscinet-getitem?mr=1798736
https://doi.org/10.1007/978-1-4757-3490-4
http://www.ams.org/mathscinet-getitem?mr=1984779
https://doi.org/10.1016/S0304-4076(03)00100-3
https://doi.org/10.1006/nimg.1999.0516


CHRISTENSEN, G. and JOHNSON, H. (2001). Consistent image registration. IEEE Trans. Med. Imag. 20 568–
582.

CHUMCHOB, N. and CHEN, K. (2009). A robust affine image registration method. Int. J. Numer. Anal. Model. 6
311–334. MR2574911

CONROY, B. R., SINGER, B. D., GUNTUPALLI, J. S., RAMADGE, P. J. and HAXBY, J. V. (2013). Inter-
subject alignment of human cortical anatomy using functional connectivity. NeuroImage 81 400–411.
https://doi.org/10.1016/j.neuroimage.2013.05.009

CRESSIE, N. and WIKLE, C. K. (2015). Statistics for Spatio-Temporal Data. Wiley, New York.
CRUM, W. R., HARTKENS, T. and HILL, D. L. (2004). Non-rigid image registration: Theory and practice. Br. J.

Radiol. 77.
DATTA, A., BANERJEE, S., FINLEY, A. O. and GELFAND, A. E. (2016). Hierarchical nearest-neighbor Gaus-

sian process models for large geostatistical datasets. J. Amer. Statist. Assoc. 111 800–812. MR3538706
https://doi.org/10.1080/01621459.2015.1044091

DUNCAN, K. J., PATTAMADILOK, C., KNIERIM, I. and DEVLIN, J. T. (2009). Consistency and variability in
functional localisers. NeuroImage 46 1018–1026.

ESTER, M., KRIEGEL, H.-P., SANDER, J. and XU, X. (1996). A density-based algorithm for discovering clus-
ters in large spatial databases with noise. In Proceedings of the 2nd International Conference on Knowledge
Discovery and Data Mining 226–231.

FIKSEL, J., DATTA, A., AMOUZOU, A. and ZEGER, S. (2021). Generalized Bayes quantification learning under
dataset shift. J. Amer. Statist. Assoc. 1–19.

FINLEY, A. O., DATTA, A., COOK, B. D., MORTON, D. C., ANDERSEN, H. E. and BANERJEE, S. (2019).
Efficient algorithms for Bayesian nearest neighbor Gaussian processes. J. Comput. Graph. Statist. 28 401–
414. MR3974889 https://doi.org/10.1080/10618600.2018.1537924

FISCHER, B. and MODERSITZKI, J. (2003). Curvature based image registration. J. Math. Imaging Vision 18
81–85.

FISCHER, B. and MODERSITZKI, J. (2008). Ill-posed medicine—an introduction to image registration. Inverse
Probl. 24 034008. MR2421945 https://doi.org/10.1088/0266-5611/24/3/034008

GELMAN, A. and RUBIN, D. B. (1992). Inference from iterative simulation using multiple sequences linked ref-
erences are available on JSTOR for this article: Inference from iterative simulation using multiple sequences.
Statist. Sci. 7 457–472.

GRUEN, A. W. and BALTSAVIAS, E. P. (1987). High-precision image matching for digital terrain model genera-
tion. Photogrammetria 42 97–112.

GRÜNWALD, P. D. and MEHTA, N. A. (2020). Fast rates for general unbounded loss functions: From ERM to
generalized Bayes. J. Mach. Learn. Res. 21 56. MR4095335

GUNTUPALLI, J. S., HANKE, M., HALCHENKO, Y. O., CONNOLLY, A. C., RAMADGE, P. J. and HAXBY, J. V.
(2016). A model of representational spaces in human cortex. Cereb. Cortex 26 2919–2934.

GUSTIN, S. M., PECK, C. C., CHENEY, L. B., MACEY, P. M., MURRAY, G. M. and HENDERSON, L. A. (2012).
Pain and plasticity: Is chronic pain always associated with somatosensory cortex activity and reorganization?
J. Neurosci. 32 14874–14884.

HASSON, U., NIR, Y., LEVY, I., FUHRMANN, G. and MALACH, R. (2004). Intersubject synchronization of
cortical activity during. Nat. Vis. Sci. 303 1634–1640.

HAXBY, J. V., GUNTUPALLI, J. S., CONNOLLY, A. C., HALCHENKO, Y. O., CONROY, B. R., GOBBINI, M. I.,
HANKE, M. and RAMADGE, P. J. (2011). A common, high-dimensional model of the representational space
in human ventral temporal cortex. Neuron 72 404–416.

HOFFMAN, M. D. and GELMAN, A. (2014). The no-U-turn sampler: Adaptively setting path lengths in Hamilto-
nian Monte Carlo. J. Mach. Learn. Res. 15 1593–1623. MR3214779

IORDAN, M. C., JOULIN, A., BECK, D. M. and FEI-FEI, L. (2016). Locally-optimized inter-subject alignment
of functional cortical regions. arXiv preprint. Available at arXiv:1606.02349.

JOHNSON, H. and CHRISTENSEN, G. (2002). Consistent landmark and intensity-based image registration. IEEE
Trans. Med. Imag. 21 450–461.

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

LINDQUIST, M. A., LOH, J. M., ATLAS, L. Y. and WAGER, T. D. (2009). Modeling the hemodynamic response
function in fmri: Efficiency, bias and mis-modeling. NeuroImage 45 S187–S198.

LORBERT, A. and RAMADGE, P. J. (2012). Kernel hyperalignment. Adv. Neural Inf. Process. Syst. 3 1790–1798.
MATHERON, G. (1963). Principles of geostatistics. Econ. Geol. 58 1246–1266.
MCALLESTER, D. A. (1999). Some pac-Bayesian theorems. Machine Learning 37 355–363.
MCCARTHY, G., PUCE, A., BELGER, A. and ALLISON, T. (1999). Electrophysiological studies of human face

perception. II: Response properties of face-specific potentials generated in occipitotemporal cortex. Cereb.
Cortex 9 431–444.

http://www.ams.org/mathscinet-getitem?mr=2574911
https://doi.org/10.1016/j.neuroimage.2013.05.009
http://www.ams.org/mathscinet-getitem?mr=3538706
https://doi.org/10.1080/01621459.2015.1044091
http://www.ams.org/mathscinet-getitem?mr=3974889
https://doi.org/10.1080/10618600.2018.1537924
http://www.ams.org/mathscinet-getitem?mr=2421945
https://doi.org/10.1088/0266-5611/24/3/034008
http://www.ams.org/mathscinet-getitem?mr=4095335
http://www.ams.org/mathscinet-getitem?mr=3214779
http://arxiv.org/abs/arXiv:1606.02349
http://www.ams.org/mathscinet-getitem?mr=2530545
https://doi.org/10.1214/09-STS282


MIAN, A. S., BENNAMOUN, M. and OWENS, R. (2006). Three-dimensional model-based object recognition and
segmentation in cluttered scenes. IEEE Trans. Pattern Anal. Mach. Intell. 28 1584–1601.

NENNING, K. H., LIU, H., GHOSH, S. S., SABUNCU, M. R., SCHWARTZ, E. and LANGS, G. (2017). Diffeo-
morphic functional brain surface alignment: Functional demons. NeuroImage 156 456–465.

OMBAO, H., LINDQUIST, M., THOMPSON, W. and ASTON, J. (2016). Handbook of Neuroimaging Data Analy-
sis. CRC Press, Boca Raton.

RADEMACHER, J., CAVINESS, V. JR, STEINMETZ, H. and GALABURDA, A. (1993). Topographical variation of
the human primary cortices: Implications for neuroimaging, brain mapping, and neurobiology. Cereb. Cortex
3 313–329.

RIGON, T., HERRING, A. H. and DUNSON, D. B. (2020). A generalized bayes framework for probabilistic
clustering. arXiv preprint. Available at arXiv:2006.05451.

SABUNCU, M. R., SINGER, B. D., CONROY, B., BRYAN, R. E., RAMADGE, P. J. and HAXBY, J. V. (2010).
Function-based intersubject alignment of human cortical anatomy. Cereb. Cortex 20 130–140.

SHAWE-TAYLOR, J. and WILLIAMSON, R. C. (1997). A pac analysis of a Bayesian estimator. In Proceedings of
the Tenth Annual Conference on Computational Learning Theory 2–9.

SIMARD, P., STEINKRAUS, D. and PLATT, J. (2003). Best practices for convolutional neural networks applied to
visual document analysis. In Seventh International Conference on Document Analysis and Recognition, 2003.
Proceedings 958–963.

SIMPSON, I. J., SCHNABEL, J. A., GROVES, A. R., ANDERSSON, J. L. and WOOLRICH, M. W. (2012). Prob-
abilistic inference of regularisation in non-rigid registration. NeuroImage 59 2438–2451.

THEVENAZ, P. and UNSER, M. (1998). Efficient mutual information optimizer for multiresolution image regis-
tration. IEEE Int. Conf. Image Process. 1 833–837.

THOMPSON, P. M., SCHWARTZ, C., LIN, R. T., KHAN, A. A. and TOGA, A. W. (1996). Three-dimensional
statistical analysis of sulcal variability in the human brain. J. Neurosci. 16 4261–4274.

VEHTARI, A., GELMAN, A. and GABRY, J. (2017). Practical Bayesian model evaluation using leave-
one-out cross-validation and WAIC. Stat. Comput. 27 1413–1432. MR3647105 https://doi.org/10.1007/
s11222-016-9696-4

VERCAUTEREN, T., PENNEC, X., PERCHANT, A. and AYACHE, N. (2009). Diffeomorphic demons: Efficient
non-parametric image registration. NeuroImage 45 S61–S72. Mathematics in Brain Imaging.

VIERCK, C. J., WHITSEL, B. L., FAVOROV, O. V., BROWN, A. W. and TOMMERDAHL, M. (2013). Role of
primary somatosensory cortex in the coding of pain. Pain 154 334–344. https://doi.org/10.1016/j.pain.2012.
10.021

VIOLA, P. and WELLS, W. M. (1997). Alignment by maximization of mutual information. Int. J. Comput. Vis.
24 137–154.

VOGT, B. A., NIMCHINSKY, E. A., VOGT, L. J. and HOF, P. R. (1995). Human cingulate cortex: Surface
features, flat maps, and cytoarchitecture. J. Comp. Neurol. 359 490–506.

VOVK, V. G. (1990). Aggregating strategies. In Proc. of Computational Learning Theory. 1990.
WALKER, S. and HJORT, N. L. (2001). On Bayesian consistency. J. R. Stat. Soc. Ser. B. Stat. Methodol. 63

811–821. MR1872068 https://doi.org/10.1111/1467-9868.00314
WANG, G., DATTA, A. and LINDQUIST, M. A. (2022). Supplement to “Bayesian functional regis-

tration of fMRI activation maps.” https://doi.org/10.1214/21-AOAS1562SUPPA, https://doi.org/10.1214/
21-AOAS1562SUPPB.

WATANABE, S. (2010). Asymptotic equivalence of Bayes cross validation and widely applicable information
criterion in singular learning theory. J. Mach. Learn. Res. 11 3571–3594. MR2756194

WOO, C.-W., ROY, M., BUHLE, J. T. and WAGER, T. D. (2015). Distinct brain systems mediate the effects of
nociceptive input and self-regulation on pain. PLoS Biol. 13 e1002036. https://doi.org/10.1371/journal.pbio.
1002036

XU, H., LORBERT, A., RAMADGE, P. J., GUNTUPALLI, J. S. and HAXBY, J. V. (2012). Regularized hyperalign-
ment of multi-set fMRI data. In 2012 IEEE Statistical Signal Processing Workshop, SSP 2012 229–232.

YANG, C. and MEDIONI, G. (1992). Object modelling by registration of multiple range images. Image Vis.
Comput. 10 145–155.

YARKONI, T., POLDRACK, R. A., NICHOLS, T. E., VAN ESSEN, D. C. and WAGER, T. D. (2011). Large-scale
automated synthesis of human functional neuroimaging data. Nat. Methods 8 665–670.

http://arxiv.org/abs/arXiv:2006.05451
http://www.ams.org/mathscinet-getitem?mr=3647105
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1016/j.pain.2012.10.021
http://www.ams.org/mathscinet-getitem?mr=1872068
https://doi.org/10.1111/1467-9868.00314
https://doi.org/10.1214/21-AOAS1562SUPPA
https://doi.org/10.1214/21-AOAS1562SUPPB
http://www.ams.org/mathscinet-getitem?mr=2756194
https://doi.org/10.1371/journal.pbio.1002036
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1016/j.pain.2012.10.021
https://doi.org/10.1214/21-AOAS1562SUPPB
https://doi.org/10.1371/journal.pbio.1002036


The Annals of Applied Statistics
2022, Vol. 16, No. 3, 1700–1717
https://doi.org/10.1214/21-AOAS1563
© Institute of Mathematical Statistics, 2022

JOINT INTEGRATIVE ANALYSIS OF MULTIPLE DATA SOURCES WITH
CORRELATED VECTOR OUTCOMES
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We propose a distributed quadratic inference function framework to
jointly estimate regression parameters from multiple potentially heteroge-
neous data sources with correlated vector outcomes. The primary goal of
this joint integrative analysis is to estimate covariate effects on all outcomes
through a marginal regression model in a statistically and computationally ef-
ficient way. We develop a data integration procedure for statistical estimation
and inference of regression parameters that is implemented in a fully dis-
tributed and parallelized computational scheme. To overcome computational
and modeling challenges arising from the high-dimensional likelihood of the
correlated vector outcomes, we propose to analyze each data source using
Qu, Lindsay and Li’s (Biometrika 87 (2000) 823–836) quadratic inference
functions and then to jointly reestimate parameters from each data source
by accounting for correlation between data sources using a combined meta-
estimator in a similar spirit to the generalized method of moments put forward
by Hansen (Econometrica 50 (1982) 1029–1054). We show both theoretically
and numerically that the proposed method yields efficiency improvements
and is computationally fast. We illustrate the proposed methodology with the
joint integrative analysis of the association between smoking and metabolites
in a large multicohort study and provide an R package for ease of implemen-
tation.
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DETECTION OF TWO-WAY OUTLIERS IN MULTIVARIATE DATA AND
APPLICATION TO CHEATING DETECTION IN EDUCATIONAL TESTS

BY YUNXIAO CHENa, YAN LUb AND IRINI MOUSTAKIc

Department of Statistics, London School of Economics and Political Science, ay.chen186@lse.ac.uk, by.lu62@lse.ac.uk,
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The paper proposes a new latent variable model for the simultaneous
(two-way) detection of outlying individuals and items for item-response-type
data. The proposed model is a synergy between a factor model for binary re-
sponses and continuous response times that captures normal item response
behaviour and a latent class model that captures the outlying individuals
and items. A statistical decision framework is developed under the proposed
model that provides compound decision rules for controlling local false dis-
covery/nondiscovery rates of outlier detection. Statistical inference is carried
out under a Bayesian framework for which a Markov chain Monte Carlo al-
gorithm is developed. The proposed method is applied to the detection of
cheating in educational tests, due to item leakage, using a case study of a
computer-based nonadaptive licensure assessment. The performance of the
proposed method is evaluated by simulation studies.
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In diverse biological applications, single-particle tracking (SPT) of pas-
sive microscopic species has become the experimental measurement of
choice, when either the materials are of limited volume or so soft as to deform
uncontrollably when manipulated by traditional instruments. In a wide range
of SPT experiments, a ubiquitous finding is that of long-range dependence
in the particles’ motion. This is characterized by a power-law signature in
the mean squared displacement (MSD) of particle positions as a function of
time, the parameters of which reveal valuable information about the viscous
and elastic properties of various biomaterials. However, MSD measurements
are typically contaminated by complex and interacting sources of instrumen-
tal noise. As these often affect the high-frequency bandwidth to which MSD
estimates are particularly sensitive, inadequate error correction can lead to
severe bias in power law estimation and, thereby, the inferred viscoelastic
properties. In this article we propose a novel strategy to filter high-frequency
noise from SPT measurements. Our filters are shown theoretically to cover
a broad spectrum of high-frequency noises and lead to a parametric estima-
tor of MSD power-law coefficients for which an efficient computational im-
plementation is presented. Based on numerous analyses of experimental and
simulated data, results suggest our methods perform very well compared to
other denoising procedures.
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ENDPOINTS RELAXING THE EQUAL EARLY CLINICAL RISK
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This article addresses the evaluation of postrandomization immune re-
sponse biomarkers as principal surrogate endpoints of a vaccine’s protective
effect, based on data from randomized vaccine trials. An important metric for
quantifying a biomarker’s principal surrogacy in vaccine research is the vac-
cine efficacy curve, which shows a vaccine’s efficacy as a function of poten-
tial biomarker values if receiving vaccine, among an “early-always-at-risk”
principal stratum of trial participants who remain disease-free at the time of
biomarker measurement whether having received vaccine or placebo. Earlier
work in principal surrogate evaluation relied on an “equal-early-clinical-risk”
assumption for identifiability of the vaccine curve, based on observed disease
status at the time of biomarker measurement. This assumption is violated in
the common setting that the vaccine has an early effect on the clinical end-
point before the biomarker is measured. In particular, a vaccine’s early protec-
tive effect observed in two phase III dengue vaccine trials (CYD14/CYD15)
has motivated our current research development. We relax the “equal-early-
clinical-risk” assumption and propose a new sensitivity analysis framework
for principal surrogate evaluation allowing for early vaccine efficacy. Under
this framework we develop inference procedures for vaccine efficacy curve
estimators, based on the estimated maximum likelihood approach. We then
use the proposed methodology to assess the surrogacy of postrandomization
neutralization titer in the motivating dengue application.
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As the market share of wind energy has been rapidly growing, wake ef-
fect analysis is gaining substantial attention in the wind industry. Wake effects
represent a wind shade cast by upstream turbines to the downwind direction,
resulting in power deficits in downstream turbines. To quantify the aggre-
gated influence of wake effects on the power generation of a wind farm, vari-
ous simulation models have been developed, including Jensen’s wake model.
These models include parameters that need to be calibrated from field data.
Existing calibration methods are based on surrogate models that impute the
data under the assumption that physical and/or computer trials are compu-
tationally expensive, typically at the design stage. This, however, is not the
case where large volumes of data can be collected during the operational
stage. Motivated by the wind energy application, we develop a new calibra-
tion approach for big data settings without the need for statistical emulators.
Specifically, we cast the problem into a stochastic optimization framework
and employ stochastic gradient descent to iteratively refine calibration pa-
rameters using randomly selected subsets of data. We then propose a strat-
ified sampling scheme that enables choosing more samples from noisy and
influential sampling regions and thus reducing the variance of the estimated
gradient for improved convergence. Through both theoretical and numerical
studies on wind farm data, we highlight the benefits of our variance-conscious
calibration approach.
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Since the inception of Bitcoin in 2008, cryptocurrencies have played an
increasing role in the world of e-commerce, but the recent turbulence in the
cryptocurrency market in 2018 has raised some concerns about their stabil-
ity and associated risks. For investors it is crucial to uncover the dependence
relationships between cryptocurrencies for a more resilient portfolio diversi-
fication. Moreover, the stochastic behavior in both tails is important, as long
positions are sensitive to a decrease in prices (lower tail), while short po-
sitions are sensitive to an increase in prices (upper tail). In order to assess
both risk types, we develop in this paper a flexible copula model which is
able to distinctively capture asymptotic dependence or independence in its
lower and upper tails simultaneously. Our proposed model is parsimonious
and smoothly bridges (in each tail) both extremal dependence classes in the
interior of the parameter space. Inference is performed using a full or cen-
sored likelihood approach, and we investigate by simulation the estimators’
efficiency under three different censoring schemes which reduce the impact of
nonextreme observations. We also develop a local likelihood approach to cap-
ture the temporal dynamics of extremal dependence among pairs of leading
cryptocurrencies. We here apply our model to historical closing prices of five
leading cryotocurrencies which share large cryptocurrency market capitaliza-
tions. The results show that our proposed copula model outperforms alter-
native copula models and that the lower-tail dependence level between most
pairs of leading cryptocurrencies and, in particular, Bitcoin and Ethereum has
become stronger over time, smoothly transitioning from an asymptotic inde-
pendence regime to an asymptotic dependence regime in recent years, whilst
the upper tail has been relatively more stable overall at a weaker dependence
level.
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This paper provides an exact modeling approach for the analysis of
presence-only ecological data. Our proposal is also based on frequently used
inhomogeneous Poisson processes but does not rely on model approxima-
tions, unlike other approaches. Exactness is achieved via a data augmentation
scheme. One of the augmented processes can be interpreted as the unobserved
occurrences of the relevant species, and its posterior distribution can be used
to make predictions of the species over the region of study beyond the ob-
server bias. The data augmentation also leads to a natural Gibbs sampler to
make Bayesian inference through MCMC. The proposal shows better per-
formance than the currently standard method based on Poisson process with
intensity function depending log-linearly on the covariates. Additionally, an
identification problem that arises in the traditional model does not seem to
affect our proposal in the analyses of real ecological data.
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In studying the marginal effect of antidepressants on body mass index
using electronic health records data, we face several challenges. Patients’
characteristics can affect the exposure (confounding) as well as the timing
of routine visits (measurement process), and those characteristics may be al-
tered following a visit which can create dependencies between the monitor-
ing and body mass index when viewed as a stochastic or random processes in
time. This may result in a form of selection bias that distorts the estimation
of the marginal effect of the antidepressant. Inverse intensity of visit weights
have been proposed to adjust for these imbalances, however no approaches
have addressed complex settings where the covariate and the monitoring pro-
cesses affect each other in time so as to induce endogeneity, a situation likely
to occur in electronic health records. We review how selection bias due to
outcome-dependent follow-up times may arise and propose a new cumulated
weight that models a complete monitoring path so as to address the above-
mentioned challenges and produce a reliable estimate of the impact of antide-
pressants on body mass index. More specifically, we do so using data from
the Clinical Practice Research Datalink in the United Kingdom, comparing
the marginal effect of two commonly used antidepressants, citalopram and
fluoxetine, on body mass index. The results are compared to those obtained
with simpler methods that do not account for the extent of the dependence
due to an endogenous covariate process.
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In high-dimensional regression problems, often a relatively small subset
of the features are relevant for predicting the outcome, and methods that im-
pose sparsity on the solution are popular. When multiple correlated outcomes
are available (multitask), reduced rank regression is an effective way to bor-
row strength and capture latent structures that underlie the data. Our proposal
is motivated by the UK Biobank population-based cohort study, where we
are faced with large-scale, ultrahigh-dimensional features, and have access
to a large number of outcomes (phenotypes)—lifestyle measures, biomark-
ers, and disease outcomes. We are hence led to fit sparse reduced-rank re-
gression models, using computational strategies that allow us to scale to
problems of this size. We use a scheme that alternates between solving the
sparse regression problem and solving the reduced rank decomposition. For
the sparse regression component we propose a scalable iterative algorithm
based on adaptive screening that leverages the sparsity assumption and en-
ables us to focus on solving much smaller subproblems. The full solution
is reconstructed and tested via an optimality condition to make sure it is
a valid solution for the original problem. We further extend the method to
cope with practical issues, such as the inclusion of confounding variables and
imputation of missing values among the phenotypes. Experiments on both
synthetic data and the UK Biobank data demonstrate the effectiveness of the
method and the algorithm. We present multiSnpnet package, available at
http://github.com/junyangq/multiSnpnet that works on top of PLINK2 files,
which we anticipate to be a valuable tool for generating polygenic risk scores
from human genetic studies.
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SPATIAL FUNCTIONAL DATA MODELING OF PLANT REFLECTANCES

BY PHILIP A. WHITE1,a, HENRY FRYE2,b, MICHAEL F. CHRISTENSEN3,d, ALAN

E. GELFAND3,e AND JOHN A. SILANDER, JR.2,c

1Department of Statistics, Brigham Young University, apwhite@stat.byu.edu
2Department of Ecology and Evolutionary Biology, University of Connecticut, bhenry.frye@uconn.edu,

cjohn.silander_jr@uconn.edu
3Department of Statistical Science, Duke University, dmichael.f.christensen@duke.edu, ealan@duke.edu

Plant reflectance spectra, the profile of light reflected by leaves across
different wavelengths, supply the spectral signature for a species at a spatial
location to enable estimation of functional and taxonomic diversity for plants.
We consider leaf spectra as “responses” to be explained spatially. These re-
flectance spectra are also functions over wavelength that respond to the envi-
ronment. Our motivating data are gathered for several plant families from the
Greater Cape Floristic Region (GCFR) in South Africa and lead us to develop
rich novel spatial models that can explain spectra for genera within families.
Wavelength responses for an individual leaf are viewed as a function of wave-
length, leading to functional data modeling. Local environmental features be-
come covariates. We introduce a wavelength, covariate interaction, since the
response to environmental regressors may vary with wavelength, as may vari-
ance. Formal spatial modeling enables prediction of reflectances for genera
at unobserved locations with known environmental features. We incorporate
spatial dependence, wavelength dependence, and space–wavelength interac-
tion (in the spirit of space–time interaction). We implement out-of-sample
validation for model selection, finding that the model features above are in-
formative for the functional data analysis. We supply ecological interpretation
of the results under the selected model.
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Rapid changes in Earth’s cryosphere caused by human activity can lead
to significant environmental impacts. Computer models provide a useful tool
for understanding the behavior and projecting the future of Arctic and Antarc-
tic ice sheets. However, these models are typically subject to large parametric
uncertainties, due to poorly constrained model input parameters that govern
the behavior of simulated ice sheets. Computer model calibration provides
a formal statistical framework to infer parameters, using observational data,
and to quantify the uncertainty in projections due to the uncertainty in these
parameters. Calibration of ice sheet models is often challenging because the
relevant model output and observational data take the form of semicontin-
uous spatial data with a point mass at zero and a right-skewed continuous
distribution for positive values. Current calibration approaches cannot han-
dle such data. Here, we introduce a hierarchical latent variable model that
handles binary spatial patterns and positive continuous spatial patterns as
separate components. To overcome challenges due to high dimensionality,
we use likelihood-based generalized principal component analysis to impose
low-dimensional structures on the latent variables for spatial dependence. We
apply our methodology to calibrate a physical model for the Antarctic ice
sheet and demonstrate that we can overcome the aforementioned modeling
and computational challenges. As a result of our calibration, we obtain im-
proved future ice-volume change projections.
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To assess the effectiveness of remittances on the poverty level of recip-
ient households, we propose a causal inference approach that may be ap-
plied with longitudinal data and time-varying treatments. The method relies
on the integration of a propensity score based technique, the inverse propen-
sity weighting, with a general latent Markov (LM) framework. It is particu-
larly useful when the outcome of interest is a characteristic that is not directly
observable, and the analysis is focused on: (i) clustering units in a finite num-
ber of classes according to this latent characteristic and (ii) modelling the
evolution of this characteristic across time depending on the received treat-
ment. Parameter estimation is based on a two-step procedure. First, individual
propensity score weights are computed accounting for predetermined covari-
ates. Then, a weighted version of the standard LM model likelihood, based
on such weights, is maximised by means of an expectation-maximisation al-
gorithm or, alternatively, adopting a stepwise procedure. Finite-sample prop-
erties of the proposed estimators are studied by simulation. The application is
focused on the effect of remittances on the poverty status of Ugandan house-
holds, based on a longitudinal survey spanning the period 2009–2014, and
where manifest variables are indicators of deprivation. We find that remit-
tances reduce the probability of falling into poverty, whereas they exert no
impact on the probability of moving out of poverty.
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This paper introduces an innovative Bayesian machine learning algo-
rithm to draw interpretable inference on heterogeneous causal effects in
the presence of imperfect compliance (e.g., under an irregular assignment
mechanism). We show, through Monte Carlo simulations, that the proposed
Bayesian Causal Forest with Instrumental Variable (BCF-IV) methodology
outperforms other machine learning techniques tailored for causal inference
in discovering and estimating the heterogeneous causal effects while control-
ling for the familywise error rate (or, less stringently, for the false discovery
rate) at leaves’ level. BCF-IV sheds a light on the heterogeneity of causal
effects in instrumental variable scenarios and, in turn, provides the policy-
makers with a relevant tool for targeted policies. Its empirical application
evaluates the effects of additional funding on students’ performances. The
results indicate that BCF-IV could be used to enhance the effectiveness of
school funding on students’ performance.
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STRUCTURED HIERARCHICAL MODELS FOR PROBABILISTIC
INFERENCE FROM PERTURBATION SCREENING DATA
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Genetic perturbation screening is an experimental method in biology
to study cause and effect relationships between different biological entities.
However, knocking out or knocking down genes is a highly error-prone pro-
cess that complicates estimation of the effect sizes of the interventions. Here,
we introduce a family of generative models, called the structured hierarchi-
cal model (SHM) for probabilistic inference of causal effects from pertur-
bation screens. SHMs utilize classical hierarchical models to represent het-
erogeneous data and combine them with categorical Markov random fields
to encode biological prior information over functionally related biological
entities. The random field induces a clustering of functionally related genes
which informs inference of parameters in the hierarchical model. The SHM
is designed for extremely noisy data sets for which the true data generat-
ing process is difficult to model due to lack of domain knowledge or high
stochasticity of the interventions. We apply the SHM to a pan-cancer genetic
perturbation screen in order to identify genes that restrict the growth of an
entire group of cancer cell lines and show that incorporating prior knowledge
in the form of a graph improves inference of parameters.
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MODELING ANIMAL MOVEMENT WITH DIRECTIONAL PERSISTENCE
AND ATTRACTIVE POINTS
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GPS technology is currently easily accessible to researchers, and many
animal movement data sets are available. Two of the main features that a
model which describes an animal’s path can possess are directional persis-
tence and attraction to a point in space. In this work, we propose a new ap-
proach that can have both characteristics. Our proposal is a hidden Markov
model with a new emission distribution. The emission distribution models
the two aforementioned characteristics, while the latent state of the hidden
Markov model is needed to account for the behavioral modes. We show that
the model is easy to implement in a Bayesian framework. We estimate our
proposal on the motivating data that represent GPS locations of a Maremma
Sheepdog recorded in Australia. The obtained results are easily interpretable
and we show that our proposal outperforms the main competitive model.
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