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SPACE AND CIRCULAR TIME LOG GAUSSIAN COX PROCESSES
WITH APPLICATION TO CRIME EVENT DATA

BY SHINICHIRO SHIROTA! AND ALAN E. GELFAND

Duke University

We view the locations and times of a collection of crime events as
a space—time point pattern. Then, with either a nonhomogeneous Poisson
process or with a more general Cox process, we need to specify a space—time
intensity. For the latter, we need a random intensity which we model as a real-
ization of a spatio-temporal log Gaussian process. Importantly, we view time
as circular not linear, necessitating valid separable and nonseparable covari-
ance functions over a bounded spatial region crossed with circular time. In
addition, crimes are classified by crime type. Furthermore, each crime event
is recorded by day of the year, which we convert to day of the week marks.

The contribution here is to develop models to accommodate such data.
Our specifications take the form of hierarchical models which we fit within a
Bayesian framework. In this regard, we consider model comparison between
the nonhomogeneous Poisson process and the log Gaussian Cox process. We
also compare separable vs. nonseparable covariance specifications.

Our motivating dataset is a collection of crime events for the city of San
Francisco during the year 2012. We have location, hour, day of the year, and
crime type for each event. We investigate models to enhance our understand-
ing of the set of incidences.
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RANDOM EFFECTS MODELS FOR IDENTIFYING THE MOST
HARMFUL MEDICATION ERRORS IN A LARGE,
VOLUNTARY REPORTING DATABASE

BY SERGIO VENTURINI*, JESSICA M. FRANKLIN"*, LAURA MORLOCK?
AND FRANCESCA DoMiNicCI!!

Universita Commerciale Luigi Bocconi*, Brigham and Women’s Hospital,
Harvard Medical School*, Johns Hopkins University® and
Harvard TH Chan School of Public Healthl

Medical errors are a major source of preventable morbidity, mortality
and healthcare costs. Voluntary reporting systems are useful data sources that
collect detailed information on the circumstances of medical errors occurring
in hospitals. Identifying the characteristics of errors that frequently result in
patient harm when they occur would allow investigators to prioritize among
the many sources of potential errors and design targeted prevention strategies.
In this paper, we use data from MEDMARX, a large anonymous and volun-
tary reporting system for medication errors, to identify the combinations of
error characteristics that are more likely to result in harm. To this end, we
consider a Bayesian hierarchical model with crossed random effects and a
flexible specification of the random effects distribution. We then provide a
ranking of the errors using optimal Bayesian ranking based on their proba-
bility of harm. The use of optimal Bayesian ranking accounts for the varying
amount of uncertainty across the random effects estimates. Finally, we exam-
ine the sensitivity of results to different specifications of the random effects
distributions. The utility of flexible random effects assumptions is illustrated
by empirically comparing results under several choices. We found that errors
caused by mistakes in reconciling a patient’s current medication list with the
medications prescribed at hospital discharge have an estimated 10.5% proba-
bility of harm. These errors had the highest rate of harm of errors that occur
during the prescribing stage of medication use. In addition, we found that
the results are sensitive to the random effects distribution used in estimation.
Thus, an approach that explores this sensitivity is important for accurately
comparing the relative harm across errors.
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ASSESSING SYSTEMATIC RISK IN THE S&P500 INDEX
BETWEEN 2000 AND 2011: A BAYESIAN NONPARAMETRIC
APPROACH!

BY ABEL RODRIGUEZ*, ZIWEI WANG'™ AND ATHANASIOS KOTTAS*
University of California, Santa Cruz* and IAC Publishing Labs'

We develop a Bayesian nonparametric model to assess the effect of sys-
tematic risks on multiple financial markets, and apply it to understand the be-
havior of the S&P500 sector indexes between January 1, 2000 and December
31, 2011. More than prediction, our main goal is to understand the evolution
of systematic and idiosyncratic risks in the U.S. economy over this particu-
lar time period, leading to novel sector-specific risk indexes. To accomplish
this goal, we model the appearance of extreme losses in each market using
a superposition of two Poisson processes, one that corresponds to systematic
risks that are shared by all sectors, and one that corresponds to the idiosyn-
cratic risk associated with a specific sector. In order to capture changes in
the risk structure over time, the intensity functions associated with each of
the underlying components are modeled using a Dirichlet process mixture
model. Among other interesting results, our analysis of the S&P500 index
suggests that there are few idiosyncratic risks associated with the consumer
staples sector, whose extreme negative log returns appear to be driven mostly
by systematic risks.
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A CONTINUOUS-TIME STOCHASTIC BLOCK MODEL FOR
BASKETBALL NETWORKS!

By LU XIN, MU ZHU AND HUGH CHIPMAN
Royal Bank of Canada, University of Waterloo and Acadia University

For professional basketball, finding valuable and suitable players is the
key to building a winning team. To deal with such challenges, basketball
managers, scouts and coaches are increasingly turning to analytics. Objec-
tive evaluation of players and teams has always been the top goal of basket-
ball analytics. Typical statistical analytics mainly focuses on the box score
and has developed various metrics. In spite of the more and more advanced
methods, metrics built upon box score statistics provide limited information
about how players interact with each other. Two players with similar box
scores may deliver distinct team plays. Thus professional basketball scouts
have to watch real games to evaluate players. Live scouting is effective, but
suffers from inefficiency and subjectivity. In this paper, we go beyond the
static box score and model basketball games as dynamic networks. The pro-
posed continuous-time stochastic block model clusters the players according
to their playing style and performance. The model provides cluster-specific
estimates of the effectiveness of players at scoring, rebounding, stealing, etc.,
and also captures player interaction patterns within and between clusters. By
clustering similar players together, the model can help basketball scouts to
narrow down the search space. Moreover, the model is able to reveal the sub-
tle differences in the offensive strategies of different teams. An application to
NBA basketball games illustrates the performance of the model.
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ROBUST AND SCALABLE BAYESIAN ANALYSIS OF SPATIAL
NEURAL TUNING FUNCTION DATA
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City University of New York, Cognescent Corporation and Columbia University

A common analytical problem in neuroscience is the interpretation of
neural activity with respect to sensory input or behavioral output. This is typ-
ically achieved by regressing measured neural activity against known stim-
uli or behavioral variables to produce a “tuning function” for each neuron.
Unfortunately, because this approach handles neurons individually, it can-
not take advantage of simultaneous measurements from spatially adjacent
neurons that often have similar tuning properties. On the other hand, shar-
ing information between adjacent neurons can errantly degrade estimates of
tuning functions across space if there are sharp discontinuities in tuning be-
tween nearby neurons. In this paper, we develop a computationally efficient
block Gibbs sampler that effectively pools information between neurons to
denoise tuning function estimates while simultaneously preserving sharp dis-
continuities that might exist in the organization of tuning across space. This
method is fully Bayesian, and its computational cost per iteration scales sub-
quadratically with total parameter dimensionality. We demonstrate the robust-
ness and scalability of this approach by applying it to both real and synthetic
datasets. In particular, an application to data from the spinal cord illustrates
that the proposed methods can dramatically decrease the experimental time
required to accurately estimate tuning functions.
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Cost-effective yet efficient designs are critical to the success of biomarker
evaluation research. Two-phase sampling designs, under which expensive
markers are only measured on a subsample of cases and noncases within a
prospective cohort, are useful in novel biomarker studies for preserving study
samples and minimizing cost of biomarker assaying. Statistical methods for
quantifying the predictiveness of biomarkers under two-phase studies have
been proposed [Biostatistics 13 (2012) 89-100, Biometrics 68 (2012) 1219-
1227]. These methods are based on a class of inverse probability weighted
(IPW) estimators where weights are “true” sampling weights that simply
reflect the sampling strategy of the study. While simple to implement, ex-
isting IPW estimators are limited by lack of practicality and efficiency. In
this manuscript, we investigate a variety of two-phase design options and
provide statistical approaches aimed at improving the efficiency of simple
IPW estimators by incorporating auxiliary information available for the entire
cohort. We consider accuracy summary estimators that accommodate auxil-
iary information in the context of evaluating the incremental values of novel
biomarkers over existing prediction tools. In addition, we evaluate the relative
efficiency of a variety of sampling and estimation options under two-phase
studies, shedding light on issues pertaining to both the design and analysis
of biomarker validation studies. We apply our methods to the evaluation of a
novel biomarker for liver cancer risk conducted with a two-phase nested case
control design [Gastroenterology 138 (2010) 493-502].
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STOCHASTIC MODELLING AND INFERENCE IN ELECTRONIC
HOSPITAL DATABASES FOR THE SPREAD OF INFECTIONS:
CLOSTRIDIUM DIFFICILE TRANSMISSION IN OXFORDSHIRE

HOSPITALS 2007-2010"

BY MADELEINE CULE AND PETER DONNELLY2
University of Oxford

The combination of genetic information with electronic patient records
promises to provide a powerful new resource for understanding human dis-
ease and its treatment. Here we develop and apply a novel stochastic com-
partmental model to a large dataset on Clostridium difficile infection (CDI)
in three Oxfordshire hospitals over a 2.5 year period which combines genetic
information on 858 confirmed cases of CDI with a database of 750,000 pa-
tient records. C. difficile is a major cause of healthcare-associated diarrhoea
and is responsible for substantial mortality and morbidity, with relatively little
known about its biology or its transmission epidemiology. Bayesian analysis
of our model, via Markov chain Monte Carlo, provides new information about
the biology of CDI, including genetic heterogeneity in infectiousness across
different sequence types, and evidence for ward contamination as a signifi-
cant mode of transmission, and allows inferences about the contribution of
particular individuals, wards or hospitals to transmission of the bacterium,
and assessment of changes in these over time following changes in hospital
practice. Our work demonstrates the value of using statistical modelling and
computational inference on large-scale hospital patient databases and genetic
data.
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MODELING LOG-LINEAR CONDITIONAL PROBABILITIES FOR
ESTIMATION IN SURVEYS

BY YVES THIBAUDEAU®, ERIC SLUD*T AND ALFRED GOTTSCHALCK*
U.S. Census Bureau* and University of Maryland'

The Survey of Income and Program Participation (SIPP) is a survey with
a longitudinal structure and complex nonignorable design, for which correct
estimation requires using the weights. The longitudinal setting also suggests
conditional-independence relations between survey variables and early- ver-
sus late-wave employment classifications. We state original assumptions jus-
tifying an extension of the partially model-based approach of Pfeffermann,
Skinner and Humphreys [J. Roy. Statist. Soc. Ser. A 161 (1998) 13-32], ac-
counting for the design of SIPP and similar longitudinal surveys. Our as-
sumptions support the use of log-linear models of longitudinal survey data.
We highlight the potential they offer for simultaneous bias-control and re-
duction of sampling error relative to direct methods when applied to small
subdomains and cells. Our assumptions allow us to innovate by showing how
to rigorously use only a longitudinal survey to estimate a complex log-linear
longitudinal association structure and embed it in cross-sectional totals to
construct estimators that can be more efficient than direct estimators for small
cells.
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PHOTO-z ESTIMATION: AN EXAMPLE OF NONPARAMETRIC
CONDITIONAL DENSITY ESTIMATION UNDER
SELECTION BIAS!

BY RAFAEL IZBICKI*, ANN B. LEE" AND PETER E. FREEMAN'
Federal University of Sdo Carlos* and Carnegie Mellon University'

Redshift is a key quantity for inferring cosmological model parameters.
In photometric redshift estimation, cosmologists use the coarse data collected
from the vast majority of galaxies to predict the redshift of individual galax-
ies. To properly quantify the uncertainty in the predictions, however, one
needs to go beyond standard regression and instead estimate the full con-
ditional density f(z|x) of a galaxy’s redshift z given its photometric covari-
ates X. The problem is further complicated by selection bias: usually only the
rarest and brightest galaxies have known redshifts, and these galaxies have
characteristics and measured covariates that do not necessarily match those
of more numerous and dimmer galaxies of unknown redshift. Unfortunately,
there is not much research on how to best estimate complex multivariate den-
sities in such settings.

Here we describe a general framework for properly constructing and as-
sessing nonparametric conditional density estimators under selection bias,
and for combining two or more estimators for optimal performance. We pro-
pose new improved photo-z estimators and illustrate our methods on data
from the Sloan Data Sky Survey and an application to galaxy—galaxy lensing.
Although our main application is photo-z estimation, our methods are rele-
vant to any high-dimensional regression setting with complicated asymmetric
and multimodal distributions in the response variable.
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In recent years, it has become common practice in neuroscience to use
networks to summarize relational information in a set of measurements, typ-
ically assumed to be reflective of either functional or structural relationships
between regions of interest in the brain. One of the most basic tasks of in-
terest in the analysis of such data is the testing of hypotheses, in answer to
questions such as “Is there a difference between the networks of these two
groups of subjects?” In the classical setting, where the unit of interest is a
scalar or a vector, such questions are answered through the use of familiar
two-sample testing strategies. Networks, however, are not Euclidean objects,
and hence classical methods do not directly apply. We address this challenge
by drawing on concepts and techniques from geometry and high-dimensional
statistical inference. Our work is based on a precise geometric characteriza-
tion of the space of graph Laplacian matrices and a nonparametric notion of
averaging due to Fréchet. We motivate and illustrate our resulting method-
ologies for testing in the context of networks derived from functional neu-
roimaging data on human subjects from the 1000 Functional Connectomes
Project. In particular, we show that this global test is more statistically pow-
erful than a mass-univariate approach. In addition, we have also provided a
method for visualizing the individual contribution of each edge to the overall
test statistic.
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ASSIGNMENT OF ENDOGENOUS RETROVIRUS INTEGRATION
SITES USING A MIXTURE MODEL

BY DAVID R. HUNTER, LE BAO AND MARY POSS
Pennsylvania State University

Structural variation occurs in the genomes of individuals because of the
different positions occupied by repetitive genome elements like endogenous
retroviruses, or ERVs. The presence or absence of ERVs can be determined
by identifying the junction with the host genome using high-throughput se-
quence technology and a clustering algorithm. The resulting data give the
number of sequence reads assigned to each ERV-host junction sequence for
each sampled individual. Variability in the number of reads from an individ-
ual integration site makes it difficult to determine whether a site is present
for low read counts. We present a novel two-component mixture of negative
binomial distributions to model these counts and assign a probability that a
given ERV is present in a given individual. We explain how our approach is
superior to existing alternatives, including another form of two-component
mixture model and the much more common approach of selecting a thresh-
old count for declaring the presence of an ERV. We apply our method to a
data set of ERV integrations in mule deer (Odocoileus hemionus), a species
for which no genomic resources are available, and demonstrate that the dis-
covered patterns of shared integration sites contain information about animal
relatedness.
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STRUCTURED SUBCOMPOSITION SELECTION IN REGRESSION
AND ITS APPLICATION TO MICROBIOME DATA ANALYSIS'

By TAO WANG* AND HONGYU ZHAO*’T
Shanghai Jiao Tong University* and Yale University’

Compositional data arise naturally in many practical problems and the
analysis of such data presents many statistical challenges, especially in high
dimensions. In this article, we consider the problem of subcomposition se-
lection in regression with compositional covariates, where the relationships
among the covariates can be represented by a tree with leaf nodes correspond-
ing to covariates. Assuming that the tree structure is available as prior knowl-
edge, we adopt a symmetric version of the linear log contrast model, and
propose a tree-guided regularization method for this structured subcomposi-
tion selection. Our method is based on a novel penalty function that incorpo-
rates the tree structure information node-by-node, encouraging the selection
of subcompositions at subtree levels. We show that this optimization problem
can be formulated as a generalized lasso problem, the solution of which can
be computed efficiently using existing algorithms. An application to a human
gut microbiome study and simulations are presented to compare the perfor-
mance of the proposed method with an / regularization method where the
tree structure information is not utilized.
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SPATIAL MULTIRESOLUTION ANALYSIS OF THE EFFECT
OF PM, s ON BIRTH WEIGHTS'
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Fine particulate matter (PM, 5) measured at a given location is a mix of
pollution generated locally and pollution traveling long distances in the atmo-
sphere. Therefore, the identification of spatial scales associated with health
effects can inform on pollution sources responsible for these effects, result-
ing in more targeted regulatory policy. Recently, prediction methods that
yield high-resolution spatial estimates of PM; 5 exposures allow one to eval-
uate such scale-specific associations. We propose a two-dimensional wavelet
decomposition that alleviates restrictive assumptions required for standard
wavelet decompositions. Using this method, we decompose daily surfaces
of PMj 5 to identify which scales of pollution are most associated with ad-
verse health outcomes. A key feature of the approach is that it can remove
the purely temporal component of variability in PM, 5 levels and calculate
effect estimates derived solely from spatial contrasts. This eliminates the po-
tential for unmeasured confounding of the exposure—outcome associations
by temporal factors, such as season. We apply our method to a study of birth
weights in Massachusetts, U.S.A., from 2003-2008 and find that both local
and urban sources of pollution are strongly negatively associated with birth
weight. Results also suggest that failure to eliminate temporal confounding
in previous analyses attenuated the overall effect estimate toward zero, with
the effect estimate growing in magnitude once this source of variability is
removed.
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CLUSTERING CORRELATED, SPARSE DATA STREAMS TO
ESTIMATE A LOCALIZED HOUSING PRICE INDEX!'

BY YOU REN, EMILY B. FOX AND ANDREW BRUCE
University of Washington

Understanding how housing values evolve over time is important to pol-
icy makers, consumers and real estate professionals. Existing methods for
constructing housing indices are computed at a coarse spatial granularity,
such as metropolitan regions, which can mask or distort price dynamics ap-
parent in local markets, such as neighborhoods and census tracts. A challenge
in moving to estimates at, for example, the census tract level is the scarcity
of spatiotemporally localized house sales observations. Our work aims to ad-
dress this challenge by leveraging observations from multiple census tracts
discovered to have correlated valuation dynamics. Our proposed Bayesian
nonparametric approach builds on the framework of latent factor models to
enable a flexible, data-driven method for inferring the clustering of correlated
census tracts. We explore methods for scalability and parallelizability of com-
putations, yielding a housing valuation index at the level of census tract rather
than zip code, and on a monthly basis rather than quarterly. Our analysis is
provided on a large Seattle metropolitan housing dataset.
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NONPARAMETRIC ESTIMATION OF PREGNANCY OUTCOME
PROBABILITIES'
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Estimating pregnancy outcome probabilities based on observational co-
horts has to account for both left-truncation, because the time scale is gesta-
tional age, and for competing risks, because, for example, an induced abortion
may be precluded by a spontaneous abortion. The applied aim of this work
was to investigate the impact of statins on pregnancy outcomes using data
from Teratology Information Services. Using the standard Aalen—Johansen
estimator of the cumulative event probabilities suggested the medically unex-
pected finding that statin exposure decreased the probability of induced abor-
tion and led to more live births. The reason was an early induced abortion
in a very small risk set in the control group, leading to unstable estimation
which propagated over the whole time span. We suggest a stabilized Aalen—
Johansen estimator which discards contributions from overly small risk sets.
The decision whether a risk set is considered overly small is controlled by
tuning parameters which we choose using a cross-validated Brier Score. We
show that the new estimator enjoys the same asymptotic properties as the
original Aalen—Johansen estimator. Small sample properties are investigated
in extensive simulations. We also discuss extensions to more general multi-
state models.
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University of Virginia * and Johns Hopkins University'

We build a new ordinary differential equation (ODE) model for the di-
rectional interaction, also called effective connectivity, among brain regions
whose activities are measured by intracranial electrocorticography (ECoG)
data. In contrast to existing ODE models that focus on effective connectiv-
ity among only a few large anatomic brain regions and that rely on strong
prior belief of the existence and strength of the connectivity, the proposed
high-dimensional ODE model, motivated by statistical considerations, can be
used to explore connectivity among multiple small brain regions. The new
model, called the modular and indicator-based dynamic directional model
(MIDDM)), features a cluster structure, which consists of modules of densely
connected brain regions, and uses indicators to differentiate significant and
void directional interactions among brain regions. We develop a unified
Bayesian framework to quantify uncertainty in the assumed ODE model,
identify clusters, select strongly connected brain regions, and make statis-
tical comparison between brain networks across different experimental trials.
The prior distributions in the Bayesian model for MIDDM parameters are
carefully designed such that the ensuing joint posterior distributions for ODE
state functions and the MIDDM parameters have well-defined and easy-to-
simulate posterior conditional distributions. To further speed up the posterior
simulation, we employ parallel computing schemes in Markov chain Monte
Carlo steps. We show that the proposed Bayesian approach outperforms an
existing optimization-based ODE estimation method. We apply the proposed
method to an auditory electrocorticography dataset and evaluate brain audi-
tory network changes across trials and different auditory stimuli.
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EVALUATION OF THE COOLING TREND IN THE IONOSPHERE
USING FUNCTIONAL REGRESSION WITH INCOMPLETE
CURVES!

BY OLEKSANDR GROMENKO, PIOTR KOKOSZKA AND JAN SOJKA
IBM Research, Colorado State University and Utah State University

We develop a statistical framework to test the hypothesis of the existence
of an ionospheric cooling trend related to the global warming hypothesis;
both are attributed to the same driver, namely the increased concentration of
greenhouse gases. However, the study of a temporal trend in the ionosphere
is easier because there are fewer covariates to be taken into account. The hy-
pothesis that a cooling trend in the ionosphere exists has been an important
focus of space physics research for over two decades. A central difficulty in
reaching broadly agreed—on conclusions has been the absence of data with
sufficiently long temporal and sufficiently broad spatial coverage. Complete
time series of data that cover several decades exist only in a few separated (in-
dustrialized) regions. The space physics community has struggled to combine
the information contained in these data, and often contradictory conclusions
have been reported based on the analyses relying on one or a few locations.
We present a statistical analysis that uses all data, even those with incom-
plete temporal coverage. It is based on a new functional regression approach
that can handle spatially indexed curves whose temporal domain depends on
location and may contain gaps. The test statistic combines spatial and tem-
poral dependence in the data and is approximately normally distributed. We
conclude that a statistically significant cooling trend exists in the Northern
Hemisphere. This confirms the hypothesis put forward in the space physics
community over two decades ago.
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VACCINES, CONTAGION, AND SOCIAL NETWORKS

BY ELIZABETH L. OGBURN! AND TYLER J. VANDERWEELE?
Johns Hopkins School of Public Health and Harvard School of Public Health

Consider the causal effect that one individual’s treatment may have on
another individual’s outcome when the outcome is contagious, with specific
application to the effect of vaccination on an infectious disease outcome.
The effect of one individual’s vaccination on another’s outcome can be de-
composed into two different causal effects, called the “infectiousness” and
“contagion” effects. We present identifying assumptions and estimation or
testing procedures for infectiousness and contagion effects in two different
settings: (1) using data sampled from independent groups of observations,
and (2) using data collected from a single interdependent social network. The
methods that we propose for social network data require fitting generalized
linear models (GLMs). GLMs and other statistical models that require inde-
pendence across subjects have been used widely to estimate causal effects
in social network data, but because the subjects in networks are presumably
not independent, the use of such models is generally invalid, resulting in in-
ference that is expected to be anticonservative. We describe a subsampling
scheme that ensures that GLM errors are uncorrelated across subjects despite
the fact that outcomes are nonindependent. This simultaneously demonstrates
the possibility of using GLMs and related statistical models for network data
and highlights their limitations.
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Many new experimental treatments outperform the current standard only
for a subset of the population. Subgroup identification methods provide es-
timates for the population subset which benefits most from treatment. How-
ever, when more than two treatments and multiple endpoints are under con-
sideration, there are many possible requirements for a particular treatment
to be beneficial. In this paper, we adapt notions of decision-theoretic admis-
sibility to the context of evaluating treatments in such trials. As an explicit
demonstration of admissibility concepts, we combine our approach with the
method of credible subgroups, which in the case of a single outcome and
treatment comparison provides Bayesian bounds on the benefiting subpopu-
lation. We investigate our methods’ performance via simulation, and apply
them to a recent dataset from an Alzheimer’s disease treatment trial. Our re-
sults account for multiplicity while showing patient covariate profiles that are
(or are not) likely to be associated with treatment benefit, and are thus useful
in their own right or as a guide to patient enrollment in a second stage study.
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Cancer development is driven by genomic alterations, including copy
number aberrations. The detection of copy number aberrations in tumor cells
is often complicated by possible contamination of normal stromal cells in tu-
mor samples and intratumor heterogeneity, namely the presence of multiple
clones of tumor cells. In order to correctly quantify copy number aberrations,
it is critical to successfully de-convolute the complex structure of the ge-
netic information from tumor samples. In this article, we propose a general
Bayesian method for estimating copy number aberrations when there are nor-
mal cells and potentially more than one tumor clones. Our method provides
posterior probabilities for the proportions of tumor clones and normal cells.
We incorporate prior information on the distribution of the copy numbers to
prioritize biologically more plausible solutions and alleviate possible identi-
fiability issues that have been observed by many researchers. Our model is
flexible and can work for both SNP array and next-generation sequencing
data. We compare our method to existing ones and illustrate the advantage of
our approach in multiple datasets.
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GENERALIZED MAHALANOBIS DEPTH IN POINT PROCESS AND
ITS APPLICATION IN NEURAL CODING

BY SHUYI L1U AND WEI WU
Florida State University

In this paper, we propose to generalize the notion of depth in temporal
point process observations. The new depth is defined as a weighted prod-
uct of two probability terms: (1) the number of events in each process, and
(2) the center-outward ranking on the event times conditioned on the number
of events. In this study, we adopt the Poisson distribution for the first term
and the Mahalanobis depth for the second term. We propose an efficient boot-
strapping approach to estimate parameters in the defined depth. In the case of
Poisson process, the observed events are order statistics where the parameters
can be estimated robustly with respect to sample size. We demonstrate the use
of the new depth by ranking realizations from a Poisson process. We also test
the new method in classification problems using simulations as well as real
neural spike train data. It is found that the new framework provides more ac-
curate and robust classifications as compared to commonly used likelihood
methods.
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INTEGRATIVE SPARSE K-MEANS WITH OVERLAPPING
GROUP LASSO IN GENOMIC APPLICATIONS FOR
DISEASE SUBTYPE DISCOVERY

BY ZHIGUANG HUO! AND GEORGE TSENG!
University of Pittsburgh

Cancer subtypes discovery is the first step to deliver personalized
medicine to cancer patients. With the accumulation of massive multi-level
omics datasets and established biological knowledge databases, omics data
integration with incorporation of rich existing biological knowledge is es-
sential for deciphering a biological mechanism behind the complex diseases.
In this manuscript, we propose an integrative sparse K-means (IS-Kmeans)
approach to discover disease subtypes with the guidance of prior biological
knowledge via sparse overlapping group lasso. An algorithm using an al-
ternating direction method of multiplier (ADMM) will be applied for fast
optimization. Simulation and three real applications in breast cancer and
leukemia will be used to compare IS-Kmeans with existing methods and
demonstrate its superior clustering accuracy, feature selection, functional an-
notation of detected molecular features and computing efficiency.
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MULTILEVEL MODELS WITH STOCHASTIC VOLATILITY FOR
REPEATED CROSS-SECTIONS: AN APPLICATION
TO TRIBAL ART PRICES

By SiLvIiA CAGNONE‘, SIMONE GIANNERINI AND LUCIA MODUGNO!
University of Bologna

In this paper, we introduce a multilevel specification with stochastic
volatility for repeated cross-sectional data. Modelling the time dynamics in
repeated cross sections requires a suitable adaptation of the multilevel frame-
work where the individuals/items are modelled at the first level whereas the
time component appears at the second level. We perform maximum likeli-
hood estimation by means of a nonlinear state space approach combined with
Gauss—Legendre quadrature methods to approximate the likelihood function.
We apply the model to the first database of tribal art items sold in the most im-
portant auction houses worldwide. The model allows to account properly for
the heteroscedastic and autocorrelated volatility observed and has superior
forecasting performance. Also, it provides valuable information on market
trends and on predictability of prices that can be used by art markets stake-
holders.
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Electronic health records are a large and cost-effective data source for de-
veloping risk-prediction models. However, for screen-detected diseases, stan-
dard risk models (such as Kaplan—Meier or Cox models) do not account for
key issues encountered with electronic health record data: left-censoring of
pre-existing (prevalent) disease, interval-censoring of incident disease, and
ambiguity of whether disease is prevalent or incident when definitive disease
ascertainment is not conducted at baseline. Furthermore, researchers might
conduct novel screening tests only on a complex two-phase subsample. We
propose a family of weighted mixture models that account for left/interval-
censoring and complex sampling via inverse-probability weighting in order
to estimate current and future absolute risk: we propose a weakly-parametric
model for general use and a semiparametric model for checking goodness
of fit of the weakly-parametric model. We demonstrate asymptotic properties
analytically and by simulation. We used electronic health records to assemble
a cohort of 33,295 human papillomavirus (HPV) positive women undergoing
cervical cancer screening at Kaiser Permanente Northern California (KPNC)
that underlie current screening guidelines. The next guidelines would focus
on HPV typing tests, but reporting 14 HPV types is too complex for clinical
use. National Cancer Institute along with KPNC conducted a HPV typing test
on a complex subsample of 9258 women in the cohort. We used our model
to estimate the risk due to each type and grouped the 14 types (the 3-year
risk ranges 21.9-1.5) into 4 risk-bands to simplify reporting to clinicians and
guidelines. These risk-bands could be adopted by future HPV typing tests and
future screening guidelines.
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ROBUST MIXED EFFECTS MODEL FOR CLUSTERED FAILURE
TIME DATA: APPLICATION TO HUNTINGTON’S
DISEASE EVENT MEASURES
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An important goal in clinical and statistical research is properly mod-
eling the distribution for clustered failure times which have a natural intra-
class dependency and are subject to censoring. We handle these challenges
with a novel approach that does not impose restrictive modeling or distribu-
tional assumptions. Using a logit transformation, we relate the distribution
for clustered failure times to covariates and a random, subject-specific effect.
The covariates are modeled with unknown functional forms, and the random
effect may depend on the covariates and have an unknown and unspecified
distribution. We introduce pseudovalues to handle censoring and splines for
functional covariate effects, and frame the problem into fitting an additive lo-
gistic mixed effects model. Unlike existing approaches for fitting such mod-
els, we develop semiparametric techniques that estimate the functional model
parameters without specifying or estimating the random effect distribution.
We show both theoretically and empirically that the resulting estimators are
consistent for any choice of random effect distribution and any dependency
structure between the random effect and covariates. Last, we illustrate the
method’s utility in an application to a Huntington’s disease study where our
method provides new insights into differences between motor and cognitive
impairment event times in at-risk subjects.
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VARIABLE SELECTION FOR A CATEGORICAL
VARYING-COEFFICIENT MODEL WITH IDENTIFICATIONS FOR
DETERMINANTS OF BODY MASS INDEX!'
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Obesity has become one of the major public health issues during the last
three decades. A considerable number of determinants have been proposed
for body mass index (BMI) by a large range of studies from multiple disci-
plines. In addition, it is well documented that impacts of these determinants
are varying across demographic groups. However, little is known about the
relative importance of these potential determinants and the varying impacts
of all relatively important determinants. Using the shrinkage estimation tech-
nique, we propose a variable selection procedure for the categorical varying-
coefficient model. We present a simulation study to exam performance of our
method in different scenarios. We further apply the proposed method to ex-
amine the impacts of a large number of potential determinants on BMI using
data from the 2013 National Health Interview Survey in the United States.
By our method, the relevant determinants of BMI are identified through the
variable selection procedure; and their varying impacts across demographic
groups are quantified through the post-selection estimation.
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LATERAL TRANSFER IN STOCHASTIC DOLLO MODELS

By LUKE J. KELLY] AND GEOFF K. NICHOLLS
University of Oxford

Lateral transfer, a process whereby species exchange evolutionary traits
through nonancestral relationships, is a frequent source of model misspecifi-
cation in phylogenetic inference. Lateral transfer obscures the phylogenetic
signal in the data as the histories of affected traits are mosaics of the overall
phylogeny. We control for the effect of lateral transfer in a Stochastic Dollo
model and a Bayesian setting. Our likelihood is highly intractable, as the pa-
rameters are the solution of a sequence of large systems of differential equa-
tions representing the expected evolution of traits along a tree. We illustrate
our method on a data set of lexical traits in Eastern Polynesian languages, and
obtain an improved fit over the corresponding model without lateral transfer.
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ALLELE-SPECIFIC COPY NUMBER ESTIMATION BY
WHOLE EXOME SEQUENCING
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Whole exome sequencing is currently a technology of choice in large-
scale cancer genomics studies, where the priority is to identify cancer-
associated variants in coding regions. We describe a method for estimating
allele-specific copy number using whole exome sequencing data from tumor
and matched normal.
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