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FIBER DIRECTION ESTIMATION, SMOOTHING AND TRACKING
IN DIFFUSION MRI1,2

BY RAYMOND K. W. WONG∗, THOMAS C. M. LEE†,3, DEBASHIS PAUL†,4,
JIE PENG†,5 AND ALZHEIMER’S DISEASE NEUROIMAGING INITIATIVE

Iowa State University∗ and University of California, Davis†

Diffusion magnetic resonance imaging is an imaging technology de-
signed to probe anatomical architectures of biological samples in an in vivo
and noninvasive manner through measuring water diffusion. The contribu-
tion of this paper is threefold. First, it proposes a new method to identify and
estimate multiple diffusion directions within a voxel through a new and iden-
tifiable parametrization of the widely used multi-tensor model. Unlike many
existing methods, this method focuses on the estimation of diffusion direc-
tions rather than the diffusion tensors. Second, this paper proposes a novel
direction smoothing method which greatly improves direction estimation in
regions with crossing fibers. This smoothing method is shown to have ex-
cellent theoretical and empirical properties. Last, this paper develops a fiber
tracking algorithm that can handle multiple directions within a voxel. The
overall methodology is illustrated with simulated data and a data set collected
for the study of Alzheimer’s disease by the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI).
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ASSESSING THE CAUSAL EFFECTS OF FINANCIAL AIDS TO
FIRMS IN TUSCANY ALLOWING FOR INTERFERENCE

BY BRUNO ARPINO AND ALESSANDRA MATTEI1

Universitat Pompeu Fabra and University of Florence

We consider policy evaluations when the Stable Unit Treatment Value
Assumption (SUTVA) is violated due to the presence of interference among
units. We propose to explicitly model interference as a function of units’ char-
acteristics. Our approach is applied to the evaluation of a policy implemented
in Tuscany (a region in Italy) on small handicraft firms. Results show that the
benefits from the policy are reduced when treated firms are subject to high
levels of interference. Moreover, the average causal effect is slightly underes-
timated when interference is ignored. We stress the importance of considering
possible interference among units when evaluating and planning policy inter-
ventions.
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DECONVOLUTION OF BASE PAIR LEVEL RNA-SEQ READ
COUNTS FOR QUANTIFICATION OF TRANSCRIPT EXPRESSION

LEVELS1

BY HAN WU∗ AND YU ZHU∗,†

Purdue University∗ and Tsinghua University†

RNA-Seq has emerged as the method of choice for profiling the tran-
scriptomes of organisms. In particular, it aims to quantify the expression
levels of transcripts using short nucleotide sequences or short reads gener-
ated from RNA-Seq experiments. In real experiments, the label of the tran-
script, from which each short read is generated, is missing, and short reads are
mapped to the genome rather than the transcriptome. Therefore, the quantifi-
cation of transcript expression levels is an indirect statistical inference prob-
lem.

In this article, we propose to use individual exonic base pairs as observa-
tion units and, further, to model nonzero as well as zero counts at all base pairs
at both the transcript and gene levels. At the transcript level, two-component
Poisson mixture distributions are postulated, which gives rise to the Convo-
lution of Poisson mixture (CPM) distribution model at the gene level. The
maximum likelihood estimation method equipped with the EM algorithm is
used to estimate model parameters and quantify transcript expression levels.
We refer to the proposed method as CPM-Seq. Both simulation studies and
real data demonstrate the effectiveness of CPM-Seq, showing that CPM-Seq
produces more accurate and consistent quantification results than Cufflinks.
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GENE-PROXIMITY MODELS FOR GENOME-WIDE
ASSOCIATION STUDIES1

BY IAN JOHNSTON∗, TIMOTHY HANCOCK†,
HIROSHI MAMITSUKA†,2 AND LUIS CARVALHO∗,3

Boston University∗ and Kyoto University†

Motivated by the important problem of detecting association between
genetic markers and binary traits in genome-wide association studies, we
present a novel Bayesian model that establishes a hierarchy between mark-
ers and genes by defining weights according to gene lengths and distances
from genes to markers. The proposed hierarchical model uses these weights
to define unique prior probabilities of association for markers based on their
proximities to genes that are believed to be relevant to the trait of interest. We
use an expectation-maximization algorithm in a filtering step to first reduce
the dimensionality of the data and then sample from the posterior distribution
of the model parameters to estimate posterior probabilities of association for
the markers. We offer practical and meaningful guidelines for the selection of
the model tuning parameters and propose a pipeline that exploits a singular
value decomposition on the raw data to make our model run efficiently on
large data sets. We demonstrate the performance of the model in simulation
studies and conclude by discussing the results of a case study using a real-
world data set provided by the Wellcome Trust Case Control Consortium.
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COMPARED TO WHAT? VARIATION IN THE IMPACTS OF
EARLY CHILDHOOD EDUCATION BY ALTERNATIVE

CARE TYPE1
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Early childhood education research often compares a group of children
who receive the intervention of interest to a group of children who receive
care in a range of different care settings. In this paper, we estimate differen-
tial impacts of an early childhood intervention by alternative care type, using
data from the Head Start Impact Study, a large-scale randomized evaluation.
To do so, we utilize a Bayesian principal stratification framework to estimate
separate impacts for two types of Compliers: those children who would oth-
erwise be in other center-based care when assigned to control and those who
would otherwise be in home-based care. We find strong, positive short-term
effects of Head Start on receptive vocabulary for those Compliers who would
otherwise be in home-based care. By contrast, we find no meaningful impact
of Head Start on vocabulary for those Compliers who would otherwise be in
other center-based care. Our findings suggest that alternative care type is a
potentially important source of variation in early childhood education inter-
ventions.
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Particulate matter (PM) is a class of malicious environmental pollutants
known to be detrimental to human health. Regulatory efforts aimed at curb-
ing PM levels in different countries often require high resolution space–time
maps that can identify red-flag regions exceeding statutory concentration
limits. Continuous spatio-temporal Gaussian Process (GP) models can de-
liver maps depicting predicted PM levels and quantify predictive uncertainty.
However, GP-based approaches are usually thwarted by computational chal-
lenges posed by large datasets. We construct a novel class of scalable Dy-
namic Nearest Neighbor Gaussian Process (DNNGP) models that can provide
a sparse approximation to any spatio-temporal GP (e.g., with nonsepara-
ble covariance structures). The DNNGP we develop here can be used as a
sparsity-inducing prior for spatio-temporal random effects in any Bayesian
hierarchical model to deliver full posterior inference. Storage and memory
requirements for a DNNGP model are linear in the size of the dataset, thereby
delivering massive scalability without sacrificing inferential richness. Exten-
sive numerical studies reveal that the DNNGP provides substantially superior
approximations to the underlying process than low-rank approximations. Fi-
nally, we use the DNNGP to analyze a massive air quality dataset to substan-
tially improve predictions of PM levels across Europe in conjunction with the
LOTOS-EUROS chemistry transport models (CTMs).
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We consider the problem of emulating (approximating) computer models
(simulators) that produce massive output. The specific simulator we study is a
computer model of volcanic pyroclastic flow, a single run of which produces
up to 109 outputs over a space–time grid of coordinates. An emulator (essen-
tially a statistical model of the simulator—we use a Gaussian Process) that
is computationally suitable for such massive output is developed and studied
from practical and theoretical perspectives. On the practical side, the emula-
tor does unexpectedly well in predicting what the simulator would produce,
even better than much more flexible and computationally intensive alterna-
tives. This allows the attainment of the scientific goal of this work, accurate
assessment of the hazards from pyroclastic flows over wide spatial domains.
Theoretical results are also developed that provide insight into the unexpected
success of the massive emulator. Generalizations of the emulator are intro-
duced that allow for a nugget, which is useful for the application to hazard
assessment.
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A HIERARCHICAL FRAMEWORK FOR STATE-SPACE MATRIX
INFERENCE AND CLUSTERING

BY CHANDLER ZUO, KAILEI CHEN, KYLE J. HEWITT,
EMERY H. BRESNICK AND SÜNDÜZ KELEŞ1

University of Wisconsin–Madison

Integrative analysis of multiple experimental datasets measured over
a large number of observational units is the focus of large numbers of contem-
porary genomic and epigenomic studies. The key objectives of such studies
include not only inferring a hidden state of activity for each unit over individ-
ual experiments, but also detecting highly associated clusters of units based
on their inferred states. Although there are a number of methods tailored for
specific datasets, there is currently no state-of-the-art modeling framework
for this general class of problems. In this paper, we develop the MBASIC
(Matrix Based Analysis for State-space Inference and Clustering) framework.
MBASIC consists of two parts: state-space mapping and state-space cluster-
ing. In state-space mapping, it maps observations onto a finite state-space,
representing the activation states of units across conditions. In state-space
clustering, MBASIC incorporates a finite mixture model to cluster the units
based on their inferred state-space profiles across all conditions. Both the
state-space mapping and clustering can be simultaneously estimated through
an Expectation-Maximization algorithm. MBASIC flexibly adapts to a large
number of parametric distributions for the observed data, as well as the het-
erogeneity in replicate experiments. It allows for imposing structural assump-
tions on each cluster, and enables model selection using information criterion.
In our data-driven simulation studies, MBASIC showed significant accuracy
in recovering both the underlying state-space variables and clustering struc-
tures. We applied MBASIC to two genome research problems using large
numbers of datasets from the ENCODE project. The first application grouped
genes based on transcription factor occupancy profiles of their promoter re-
gions in two different cell types. The second application focused on identify-
ing groups of loci that are similar to a GATA2 binding site that is functional
at its endogenous locus by utilizing transcription factor occupancy data and
illustrated applicability of MBASIC in a wide variety of problems. In both
studies, MBASIC showed higher levels of raw data fidelity than analyzing
these data with a two-step approach using ENCODE results on transcription
factor occupancy data.
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DETECTION OF EPIGENOMIC NETWORK COMMUNITY
ONCOMARKERS

BY THOMAS E. BARTLETT1 AND ALEXEY ZAIKIN2

University College London

In this paper we propose network methodology to infer prognostic can-
cer biomarkers based on the epigenetic pattern DNA methylation. Epigenetic
processes such as DNA methylation reflect environmental risk factors, and are
increasingly recognised for their fundamental role in diseases such as cancer.
DNA methylation is a gene-regulatory pattern, and hence provides a means by
which to assess genomic regulatory interactions. Network models are a nat-
ural way to represent and analyse groups of such interactions. The utility of
network models also increases as the quantity of data and number of variables
increase, making them increasingly relevant to large-scale genomic studies.
We propose methodology to infer prognostic genomic networks from a DNA
methylation-based measure of genomic interaction and association. We then
show how to identify prognostic biomarkers from such networks, which we
term “network community oncomarkers”. We illustrate the power of our pro-
posed methodology in the context of a large publicly available breast cancer
dataset.
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SPARSE MEDIAN GRAPHS ESTIMATION IN A
HIGH-DIMENSIONAL SEMIPARAMETRIC MODEL

BY FANG HAN∗, XIAOYAN HAN†, HAN LIU† AND BRIAN CAFFO∗

Johns Hopkins University∗ and Princeton University†

We propose a unified framework for conducting inference on complex
aggregated data in high-dimensional settings. We assume the data are a
collection of multiple non-Gaussian realizations with underlying undirected
graphical structures. Using the concept of median graphs in summarizing the
commonality across these graphical structures, we provide a novel semipara-
metric approach to modeling such complex aggregated data, along with ro-
bust estimation of the median graph, which is assumed to be sparse. We prove
the estimator is consistent in graph recovery and give an upper bound on the
rate of convergence. We further provide thorough numerical analysis on both
synthetic and real datasets to illustrate the empirical usefulness of the pro-
posed models and methods.
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QUANTIFYING THE SPATIAL INEQUALITY AND TEMPORAL
TRENDS IN MATERNAL SMOKING RATES IN GLASGOW1

BY DUNCAN LEE AND ANDREW LAWSON

University of Glasgow and Medical University of South Carolina

Maternal smoking is well known to adversely affect birth outcomes, and
there is considerable spatial variation in the rates of maternal smoking in the
city of Glasgow, Scotland. This spatial variation is a partial driver of health
inequalities between rich and poor communities, and it is of interest to deter-
mine the extent to which these inequalities have changed over time. There-
fore in this paper we develop a Bayesian hierarchical model for estimating the
spatio-temporal pattern in smoking incidence across Glasgow between 2000
and 2013, which can identify the changing geographical extent of clusters
of areas exhibiting elevated maternal smoking incidences that partially drive
health inequalities. Additionally, we provide freely available software via the
R package CARBayesST to allow others to implement the model we have
developed. The study period includes the introduction of a ban on smoking
in public places in 2006, and the results show an average decline of around
11% in maternal smoking rates over the study period.
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USING SCHEFFÉ PROJECTIONS FOR MULTIPLE OUTCOMES
IN AN OBSERVATIONAL STUDY OF SMOKING

AND PERIODONTAL DISEASE

BY PAUL R. ROSENBAUM

University of Pennsylvania

In an observational study of the effects caused by treatments, a sensi-
tivity analysis asks about the magnitude of bias from unmeasured covariates
that would need to be present to alter the conclusions of a naive analysis
that presumes adjustments for measured covariates remove all biases. When
there are two or more outcomes in an observational study, these outcomes
may be unequally sensitive to unmeasured biases, and the least sensitive find-
ing may concern a combination of several outcomes. A method of sensitivity
analysis is proposed using Scheffé projections that permits the investigator
to consider all linear contrasts in two or more scored outcomes while con-
trolling the family-wise error rate. In sufficiently large samples, the method
will exhibit insensitivity to bias that is greater than or equal to methods, such
as the Bonferroni–Holm procedure, that focus on individual outcomes; that
is, Scheffé projections have larger design sensitivities. More precisely, if the
least sensitive linear combination is a single one of the several outcomes, then
the design sensitivity using Scheffé projections equals that using a Bonferroni
correction, but if the least sensitive combination is a nontrivial combination
of two or more outcomes, then Scheffé projections have larger design sensi-
tivities. This asymptotic property is examined in terms of finite sample power
of sensitivity analyses using simulation. The method is applied to a repli-
cation with recent data of a well-known study of the effects of smoking on
periodontal disease. In the example, the comparison that is least sensitive to
bias from unmeasured covariates combines results for lower and upper teeth,
but emphasizes lower teeth. This pattern would be difficult to anticipate prior
to examining the data, but Scheffé’s method permits use of this unanticipated
pattern without fear of capitalizing on chance.
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FUNCTIONAL COVARIATE-ADJUSTED PARTIAL AREA UNDER
THE SPECIFICITY-ROC CURVE WITH AN APPLICATION

TO METABOLIC SYNDROME DIAGNOSIS

BY VANDA INÁCIO DE CARVALHO∗,1, MIGUEL DE CARVALHO∗,1,
TODD A. ALONZO† AND WENCESLAO GONZÁLEZ-MANTEIGA‡,2

Pontificia Universidad Católica de Chile∗, University of Southern California†,
and Universidade de Santiago de Compostela‡

Due to recent advances in technology, medical diagnosis data are be-
coming increasingly complex and, nowadays, applications where measure-
ments are curves or images are ubiquitous. Motivated by the need of model-
ing a functional covariate on a metabolic syndrome case study, we develop
a nonparametric functional regression model for the area under the speci-
ficity receiver operating characteristic curve. This partial area is a meaningful
summary measure of diagnostic accuracy for cases in which misdiagnosis
of diseased subjects may lead to serious clinical consequences, and hence it
is critical to maintain a high sensitivity. Its normalized value can be inter-
preted as the average specificity over the interval of sensitivities considered,
thus summarizing the trade-off between sensitivity and specificity. Our meth-
ods are motivated by, and applied to, a metabolic syndrome study that in-
vestigates how restricting the sensitivity of the gamma-glutamyl-transferase,
a metabolic syndrome marker, to certain clinical meaningful values, affects
its corresponding specificity and how it might change for different curves
of arterial oxygen saturation. Application of our methods suggests that oxy-
gen saturation is key to gamma-glutamyl transferase’s performance and that
some of the different intervals of sensitivities considered offer a good trade-
off between sensitivity and specificity. The simulation study shows that the
estimator associated with our model is able to recover successfully the true
overall shape of the functional covariate-adjusted partial area under the curve
in different complex scenarios.

REFERENCES

ADIMARI, G. and CHIOGNA, M. (2012). Jackknife empirical likelihood based confidence intervals
for partial areas under ROC curves. Statist. Sinica 22 1457–1477. MR3027095

ANEIROS-PÉREZ, G. and VIEU, P. (2006). Semi-functional partial linear regression. Statist. Probab.
Lett. 76 1102–1110. MR2269280

CAI, T. and DODD, L. E. (2008). Regression analysis for the partial area under the ROC curve.
Statist. Sinica 18 817–836. MR2440072

DAVISON, A. C. and HINKLEY, D. V. (1997). Bootstrap Methods and Their Application. Cam-
bridge Series in Statistical and Probabilistic Mathematics 1. Cambridge Univ. Press, Cambridge.
MR1478673

Key words and phrases. Arterial oxygen saturation, average specificity, biomarker, functional
covariate-adjustment, gamma-glutamyl transferase, kernel regression, metabolic syndrome, partial
area under the curve, sensitivity, specificity-receiver operating characteristic curve.

http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/16-AOAS943
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3027095
http://www.ams.org/mathscinet-getitem?mr=2269280
http://www.ams.org/mathscinet-getitem?mr=2440072
http://www.ams.org/mathscinet-getitem?mr=1478673


DODD, L. E. and PEPE, M. S. (2003). Partial AUC estimation and regression. Biometrics 59 614–
623. MR2004266

ECKEL, R. H., GRUNDY, S. M. and ZIMMET, P. Z. (2005). The metabolic syndrome. Lancet 365
1415–1428.

FEBRERO-BANDE, M. and OVIEDO DE LA FUENTE, M. (2012). Statistical computing in functional
data analysis: The R package fda.usc. J. Stat. Softw. 51 1–28.

FERRATY, F., VAN KEILEGOM, I. and VIEU, P. (2010). On the validity of the bootstrap in non-
parametric functional regression. Scand. J. Stat. 37 286–306. MR2682301

FERRATY, F. and VIEU, P. (2002). The functional nonparametric model and application to spectro-
metric data. Comput. Statist. 17 545–564. MR1952697

FERRATY, F. and VIEU, P. (2006). Nonparametric Functional Data Analysis: Theory and Practice.
Springer, New York. MR2229687

GIGLIARANO, C., FIGINI, S. and MULIERE, P. (2014). Making classifier performance comparisons
when ROC curves intersect. Comput. Statist. Data Anal. 77 300–312. MR3210064

GONZÁLEZ-MANTEIGA, W., PARDO-FERNÁNDEZ, J. C. and VAN KEILEGOM, I. (2011).
ROC curves in non-parametric location-scale regression models. Scand. J. Stat. 38 169–184.
MR2760145

GUDE, F., REY-GARCIA, J., FERNANDEZ-MERINO, C., MEIJIDE, L., GARCÍA-ORTIZ, L., ZA-
MARRON, C. and GONZALEZ-QUINTELA, A. (2009). Serum levels of gamma-glutamyl trans-
ferase are associated with markers of nocturnal hypoxemia in general adult population. Clin.
Chim. Acta 407 67–71.

HÄRDLE, W. (1991). Smoothing Techniques: With Implementation in S. Springer, New York.
MR1140190

HÄRDLE, W. and MARRON, J. S. (1991). Bootstrap simultaneous error bars for nonparametric re-
gression. Ann. Statist. 19 778–796. MR1105844

HUNG, H. and CHIANG, C.-T. (2011). Nonparametric methodology for the time-dependent partial
area under the ROC curve. J. Statist. Plann. Inference 141 3829–3838. MR2823653

INÁCIO, V., GONZÁLEZ-MANTEIGA, W., FEBRERO-BANDE, M., GUDE, F., ALONZO, T. A. and
CADARSO-SUÁREZ, C. (2012). Extending induced ROC methodology to the functional context.
Biostat. 13 594–608.

INÁCIO DE CARVALHO, V., JARA, A., HANSON, T. E. and DE CARVALHO, M. (2013). Bayesian
nonparametric ROC regression modeling. Bayesian Anal. 8 623–645. MR3102228

INÁCIO DE CARVALHO, V., DE CARVALHO, M., ALONZO, T. A. and GONZÁLEZ-MANTEIGA, W.
(2016). Supplement to “Functional covariate-adjusted partial area under the specificity-ROC
curve with an application to metabolic syndrome diagnosis.” DOI:10.1214/16-AOAS943SUPP.

JIANG, Y., METZ, C. E. and NISHIKAWA, R. M. (1996). A receiver operating characteristic partial
area index for highly sensitive diagnostic tests. Radiology 201 745–750.

LEE, D. S., EWANS, J. C., ROBINS, S. J., WILSON, P. W., ALBANO, I., FOX, C. S., WANG, T. J.,
BENJAMIN, E. J. and VASAN, R. S. (2007). Gamma glutamyl transferase and metabolic syn-
drome, cardiovascular disease, and mortality risk: The framingham heart study. Arteriosclorosis,
Trombosis, and Vascular Biology 27 127–133.

LÓPEZ-PINTADO, S. and ROMO, J. (2009). On the concept of depth for functional data. J. Amer.
Statist. Assoc. 104 718–734. MR2541590

MA, H., BANDOS, A. I., ROCKETTE, H. E. and GUR, D. (2013). On use of partial area under the
ROC curve for evaluation of diagnostic performance. Stat. Med. 32 3449–3458. MR3092242

PARDO-FERNÁNDEZ, J. C., RODRÍGUEZ-ÁLVAREZ, M. X. and VAN KEILEGOM, I. (2014). A re-
view on ROC curves in the presence of covariates. REVSTAT 12 21–41. MR3195208

R DEVELOPMENT CORE TEAM (2011). R: A Language and Environment for Statistical Computing.
R Foundation for Statistical Computing, Vienna.

SUN, Y. and GENTON, M. G. (2011). Functional boxplots. J. Comput. Graph. Statist. 20 316–334.
MR2847798

http://www.ams.org/mathscinet-getitem?mr=2004266
http://www.ams.org/mathscinet-getitem?mr=2682301
http://www.ams.org/mathscinet-getitem?mr=1952697
http://www.ams.org/mathscinet-getitem?mr=2229687
http://www.ams.org/mathscinet-getitem?mr=3210064
http://www.ams.org/mathscinet-getitem?mr=2760145
http://www.ams.org/mathscinet-getitem?mr=1140190
http://www.ams.org/mathscinet-getitem?mr=1105844
http://www.ams.org/mathscinet-getitem?mr=2823653
http://www.ams.org/mathscinet-getitem?mr=3102228
http://dx.doi.org/10.1214/16-AOAS943SUPP
http://www.ams.org/mathscinet-getitem?mr=2541590
http://www.ams.org/mathscinet-getitem?mr=3092242
http://www.ams.org/mathscinet-getitem?mr=3195208
http://www.ams.org/mathscinet-getitem?mr=2847798


VAN DER VAART, A. W. (1998). Asymptotic Statistics. Cambridge Series in Statistical and Proba-
bilistic Mathematics 3. Cambridge Univ. Press, Cambridge. MR1652247

WANG, Z. and CHANG, Y.-C. I. (2011). Marker selection via maximizing the partial area under the
ROC curve of linear risk scores. Biostat. 12 369–385.

YAO, F., CRAIU, R. V. and REISER, B. (2010). Nonparametric covariate adjustment for receiver
operating characteristic curves. Canad. J. Statist. 38 27–46. MR2676928

http://www.ams.org/mathscinet-getitem?mr=1652247
http://www.ams.org/mathscinet-getitem?mr=2676928


The Annals of Applied Statistics
2016, Vol. 10, No. 3, 1496–1516
DOI: 10.1214/16-AOAS944
© Institute of Mathematical Statistics, 2016

BAYESIAN NONPARAMETRIC DEPENDENT MODEL FOR
PARTIALLY REPLICATED DATA: THE INFLUENCE OF FUEL

SPILLS ON SPECIES DIVERSITY1

BY JULYAN ARBEL2,∗, KERRIE MENGERSEN AND JUDITH ROUSSEAU

Collegio Carlo Alberto and Bocconi University, Queensland University of
Technology and Université Paris-Dauphine

We introduce a dependent Bayesian nonparametric model for the prob-
abilistic modeling of membership of subgroups in a community based on
partially replicated data. The focus here is on species-by-site data, that is,
community data where observations at different sites are classified in distinct
species. Our aim is to study the impact of additional covariates, for instance,
environmental variables, on the data structure, and in particular on the com-
munity diversity. To this end, we introduce dependence a priori across the
covariates and show that it improves posterior inference. We use a dependent
version of the Griffiths–Engen–McCloskey distribution defined via the stick-
breaking construction. This distribution is obtained by transforming a Gaus-
sian process whose covariance function controls the desired dependence. The
resulting posterior distribution is sampled by Markov chain Monte Carlo. We
illustrate the application of our model to a soil microbial data set acquired
across a hydrocarbon contamination gradient at the site of a fuel spill in
Antarctica. This method allows for inference on a number of quantities of
interest in ecotoxicology, such as diversity or effective concentrations, and is
broadly applicable to the general problem of community response to environ-
mental variables.
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BAYESIAN DATA FUSION APPROACHES TO PREDICTING
SPATIAL TRACKS: APPLICATION TO MARINE MAMMALS

BY YANG LIU1, JAMES V. ZIDEK1, ANDREW W. TRITES

AND BRIAN C. BATTAILE

University of British Columbia

Bayesian Melding (BM) and downscaling are two Bayesian approaches
commonly used to combine data from different sources for statistical infer-
ence. We extend these two approaches to combine accurate but sparse direct
observations with another set of high-resolution but biased calculated obser-
vations. We use our methods to estimate the path of a moving or evolving
object and apply them in a case study of tracking northern fur seals. To make
the BM approach computationally feasible for high-dimensional (big) data,
we exploit the properties of the processes along with approximations to the
likelihood to break the high-dimensional problem into a series of lower di-
mensional problems. To implement the alternative, downscaling approach,
we use R-INLA to connect the two sources of observations via a linear mixed
effect model. We compare the predictions of the two approaches by cross-
validation as well as simulations. Our results show that both approaches yield
similar results—both provide accurate, high resolution estimates of the at-sea
locations of the northern fur seals, as well as Bayesian credible intervals to
characterize the uncertainty about the estimated movement paths.
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A BAYESIAN PREDICTIVE MODEL FOR IMAGING GENETICS
WITH APPLICATION TO SCHIZOPHRENIA1
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Imaging genetics has rapidly emerged as a promising approach for in-
vestigating the genetic determinants of brain mechanisms that underlie an
individual’s behavior or psychiatric condition. In particular, for early detec-
tion and targeted treatment of schizophrenia, it is of high clinical relevance
to identify genetic variants and imaging-based biomarkers that can be used
as diagnostic markers, in addition to commonly used symptom-based as-
sessments. By combining single-nucleotide polymorphism (SNP) arrays and
functional magnetic resonance imaging (fMRI), we propose an integrative
Bayesian risk prediction model that allows us to discriminate between in-
dividuals with schizophrenia and healthy controls, based on a sparse set of
discriminatory regions of interest (ROIs) and SNPs. Inference on a regula-
tory network between SNPs and ROI intensities (ROI–SNP network) is used
in a single modeling framework to inform the selection of the discriminatory
ROIs and SNPs. We use simulation studies to assess the performance of our
method and apply it to data collected from individuals with schizophrenia
and healthy controls. We found our approach to outperform competing meth-
ods that do not link the ROI–SNP network to the selection of discriminatory
markers.
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OPEN MODELS FOR REMOVAL DATA

BY ELENI MATECHOU, RACHEL S. MCCREA1, BYRON J. T. MORGAN,
DARRYN J. NASH AND RICHARD A. GRIFFITHS

University of Kent

Individuals of protected species, such as amphibians and reptiles, often
need to be removed from sites before development commences. Usually, the
population is considered to be closed. All individuals are assumed to (i) be
present and available for detection at the start of the study period and (ii) re-
main at the site until the end of the study, unless they are detected. How-
ever, the assumption of population closure is not always valid. We present
new removal models which allow for population renewal through birth and/or
immigration, and population depletion through sampling as well as through
death/emigration. When appropriate, productivity may be estimated and a
Bayesian approach allows the estimation of the probability of total popula-
tion depletion. We demonstrate the performance of the models using data on
common lizards, Zootoca vivipara, and great crested newts, Triturus crista-
tus.
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Soil erosion and sediment transport into waterways and the ocean can
adversely affect water clarity, leading to the deterioration of marine ecosys-
tems such as the iconic Great Barrier Reef (GBR) in Australia. Quantifying a
sediment load and its associated uncertainty is an important task in delineat-
ing how changes in management practices can contribute to improvements in
water quality, and therefore continued sustainability of the GBR. However,
monitoring data are spatially (and often temporally) sparse, making load es-
timation complicated, particularly when there are lengthy periods between
sampling or during peak flow periods of major events when samples cannot
be safely taken.

We develop a spatio-temporal statistical model that is mechanistically mo-
tivated by a process-based deterministic model called Dynamic SedNet. The
model is developed within a Bayesian hierarchical modelling framework that
uses dimension reduction to accommodate seasonal and spatial patterns to
assimilate monitored sediment concentration and flow data with output from
Dynamic SedNet. The approach is applied in the Upper Burdekin catchment
in Queensland, Australia, where we obtain daily estimates of sediment con-
centrations, stream discharge volumes and sediment loads at 411 spatial lo-
cations across 20 years. Our approach provides a method for assimilating
both monitoring data and modelled output, providing a statistically rigorous
method for quantifying uncertainty through space and time that was previ-
ously unavailable through process-based models.
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MOLECULAR QTL DISCOVERY INCORPORATING GENOMIC
ANNOTATIONS USING BAYESIAN FALSE DISCOVERY RATE

CONTROL1

BY XIAOQUAN WEN

University of Michigan

Mapping molecular QTLs has emerged as an important tool for under-
standing the genetic basis of cell functions. With the increasing availability
of functional genomic data, it is natural to incorporate genomic annotations
into QTL discovery. Discovering molecular QTLs is typically framed as a
multiple hypothesis testing problem and solved using false discovery rate
(FDR) control procedures. Currently, most existing statistical approaches rely
on obtaining p-values for each candidate locus through permutation-based
schemes, which are not only inconvenient for incorporating highly informa-
tive genomic annotations but also computationally inefficient. In this paper,
we discuss a novel statistical approach for integrative QTL discovery based
on the theoretical framework of Bayesian FDR control. We use a Bayesian
hierarchical model to naturally integrate genomic annotations into molecu-
lar QTL mapping and propose an empirical Bayes-based computational pro-
cedure to approximate the necessary posterior probabilities to achieve high
computational efficiency. Through theoretical arguments and simulation stud-
ies, we demonstrate that the proposed approach rigorously controls the de-
sired type I error rate and greatly improves the power of QTL discovery when
incorporating informative annotations. Finally, we demonstrate our approach
by analyzing the expression-genotype data from 44 human tissues generated
by the GTEx project. By integrating the simple annotation of SNP distance
to transcription start sites, we discover more genes that harbor expression-
associated SNPs in all 44 tissues, with an average increase of 1485 genes per
tissue.
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MORTALITY AND LIFE EXPECTANCY FORECASTING FOR A
GROUP OF POPULATIONS IN DEVELOPED COUNTRIES:

A MULTILEVEL FUNCTIONAL DATA METHOD

BY HAN LIN SHANG

Australian National University

A multilevel functional data method is adapted for forecasting age-
specific mortality for two or more populations in developed countries with
high-quality vital registration systems. It uses multilevel functional princi-
pal component analysis of aggregate and population-specific data to extract
the common trend and population-specific residual trend among populations.
If the forecasts of population-specific residual trends do not show a long-
term trend, then convergence in forecasts may be achieved. This method is
first applied to age- and sex-specific data for the United Kingdom, and its
forecast accuracy is then further compared with several existing methods,
including independent functional data and product-ratio methods, through
a multi-country comparison. The proposed method is also demonstrated by
age-, sex- and state-specific data in Australia, where the convergence in fore-
casts can possibly be achieved by sex and state. For forecasting age-specific
mortality, the multilevel functional data method is more accurate than the
other coherent methods considered. For forecasting female life expectancy at
birth, the multilevel functional data method is outperformed by the Bayesian
method of Raftery, Lalic and Gerland [Demogr. Res. 30 (2014) 795–822].
For forecasting male life expectancy at birth, the multilevel functional data
method performs better than the Bayesian methods in terms of point fore-
casts, but less well in terms of interval forecasts. Supplementary materials for
this article are available online.
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DATA MINING TO INVESTIGATE THE METEOROLOGICAL
DRIVERS FOR EXTREME GROUND LEVEL OZONE EVENTS1

BY BROOK T. RUSSELL∗, DANIEL S. COOLEY†,2, WILLIAM C. PORTER‡,
BRIAN J. REICH§ AND COLETTE L. HEALD‡

Clemson University∗, Colorado State University†,
Massachusetts Institute of Technology‡ and North Carolina State University§

This project aims to explore which combinations of meteorological con-
ditions are associated with extreme ground level ozone conditions. Our ap-
proach focuses only on the tail by optimizing the tail dependence between
the ozone response and functions of meteorological covariates. Since there is
a long list of possible meteorological covariates, the space of possible mod-
els cannot be explored completely. Consequently, we perform data mining
within the model selection context, employing an automated model search
procedure. Our study is unique among extremes applications, as optimizing
tail dependence has not previously been attempted, and it presents new chal-
lenges, such as requiring a smooth threshold. We present a simulation study
which shows that the method can detect complicated conditions leading to
extreme responses and resists overfitting. We apply the method to ozone data
for Atlanta and Charlotte and find similar meteorological drivers for these
two Southeastern US cities. We identify several covariates which help to dif-
ferentiate the meteorological conditions which lead to extreme ozone levels
from those which lead to merely high levels.
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MULTIPLE TESTING UNDER DEPENDENCE VIA
GRAPHICAL MODELS

BY JIE LIU1, CHUNMING ZHANG2 AND DAVID PAGE1

University of Wisconsin-Madison

Large-scale multiple testing tasks often exhibit dependence. Leveraging
the dependence between individual tests is still one challenging and impor-
tant problem in statistics. With recent advances in graphical models, it is fea-
sible to use them to capture the dependence among multiple hypotheses. We
propose a multiple testing procedure which is based on a Markov-random-
field-coupled mixture model. The underlying true states of hypotheses are
represented by a latent binary Markov random field, and the observed test
statistics appear as the coupled mixture variables. The model can be learned
by a novel EM algorithm. The next step is to infer the posterior probabil-
ity that each hypothesis is null (termed local index of significance), and the
false discovery rate can be controlled accordingly. We also provide a semi-
parametric variation of the graphical model which is useful in the situation
where f1 (the density function of the test statistic under the alternative hy-
pothesis) is heterogeneous among multiple hypotheses. This semiparamet-
ric approach exactly generalizes the local FDR procedure [J. Amer. Statist.
Assoc. 96 (2001) 1151–1160] and connects with the BH procedure [J. Roy.
Statist. Soc. Ser. B 57 (1995) 289–300]. Simulations show that the numerical
performance of multiple testing can be improved substantially by using our
procedure. We apply the procedure to a real-world genome-wide association
study on breast cancer, and we identify several SNPs with strong association
evidence.
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SPATIALLY INHOMOGENEOUS BACKGROUND RATE
ESTIMATORS AND UNCERTAINTY QUANTIFICATION FOR
NONPARAMETRIC HAWKES POINT PROCESS MODELS OF

EARTHQUAKE OCCURRENCES

BY ERIC WARREN FOX, FREDERIC PAIK SCHOENBERG

AND JOSHUA SETH GORDON

University of California, Los Angeles

Space–time Hawkes point process models for the conditional rate of
earthquake occurrences traditionally make many parametric assumptions
about the form of the triggering function for the rate of aftershocks following
an earthquake. As an alternative, Marsan and Lengliné [Science 319 (2008)
1076–1079] developed a completely nonparametric method that provides an
estimate of a homogeneous background rate for mainshocks, and a histogram
estimate of the triggering function. At each step of the procedure the model
estimates rely on computing the probability each earthquake is a mainshock
or aftershock of a previous event. The focus of this paper is the improve-
ment and assessment of Marsan and Lengliné’s method in the following ways:
(a) the proposal of novel ways to incorporate a spatially inhomogeneous back-
ground rate; (b) adding error bars to the histogram estimates which quantify
the sampling variability in the estimation of the underlying seismic process.
A simulation study is designed to evaluate and validate the ability of our
methods to recover the triggering function and spatially varying background
rate. An application to earthquake data from the Tohoku District in Japan is
discussed at the end, and the results are compared to a well-established para-
metric model of seismicity for this region.
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FROM HISTORICAL DATA: PAVING THE WAY FOR

THE TEESTA WATER SHARING TREATY

BY KAUSHIK JANA∗, DEBASIS SENGUPTA∗ AND KALYAN RUDRA†

Indian Statistical Institute∗ and West Bengal Pollution Control Board†

In this paper, we consider an estimation problem arising in the measure-
ment of bifurcated flow of the Teesta, a trans-boundary river flowing through
India and Bangladesh. The location of measurement is an Indian Barrage,
where a part of the flow is diverted from the main stream to a canal. The flows
through the two channels are regulated by different control structures and are
measured indirectly from the height of the water level and the dimensions
of the control structures. The computational formula for the measurement
involves a hydrological constant used as a multiplier. Empirical findings indi-
cate that incorrect multipliers are currently used in the computational formula
for the two channels. For implementing any water sharing treaty between the
two countries, the measurements need to be brought to a common scale. For
this purpose, we present a model with carefully considered assumptions to
estimate the correction factor. The model permits diagnostic tests for valida-
tion of the assumptions. We provide a nonparametric and consistent estimator
of the desired factor.

Analysis of historical flow data shows that a main stream flow measured as
100 cumec would be measured as 76 cumec if it is diverted through the canal.
Adjustment of emerging measurements through this finding would help the
governments of India and Bangladesh to effectively implement and monitor
any water sharing agreement.
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