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THE PROBLEM OF INFRA-MARGINALITY IN OUTCOME TESTS
FOR DISCRIMINATION

BY CAMELIA SIMOIU, SAM CORBETT-DAVIES AND SHARAD GOEL

Stanford University

Outcome tests are a popular method for detecting bias in lending, hiring,
and policing decisions. These tests operate by comparing the success rate of
decisions across groups. For example, if loans made to minority applicants
are observed to be repaid more often than loans made to whites, it suggests
that only exceptionally qualified minorities are granted loans, indicating dis-
crimination. Outcome tests, however, are known to suffer from the problem
of infra-marginality: even absent discrimination, the repayment rates for mi-
nority and white loan recipients might differ if the two groups have different
risk distributions. Thus, at least in theory, outcome tests can fail to accurately
detect discrimination. We develop a new statistical test of discrimination—
the threshold test—that mitigates the problem of infra-marginality by jointly
estimating decision thresholds and risk distributions. Applying our test to a
dataset of 4.5 million police stops in North Carolina, we find that the problem
of infra-marginality is more than a theoretical possibility, and can cause the
outcome test to yield misleading results in practice.
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LATENT SPACE MODELS FOR MULTIVIEW NETWORK DATA

BY MICHAEL SALTER-TOWNSHEND1 AND TYLER H. MCCORMICK2

University of Oxford and University of Washington

Social relationships consist of interactions along multiple dimensions. In
social networks, this means that individuals form multiple types of relation-
ships with the same person (e.g., an individual will not trust all of his/her
acquaintances). Statistical models for these data require understanding two
related types of dependence structure: (i) structure within each relationship
type, or network view, and (ii) the association between views. In this paper,
we propose a statistical framework that parsimoniously represents depen-
dence between relationship types while also maintaining enough flexibility
to allow individuals to serve different roles in different relationship types.
Our approach builds on work on latent space models for networks [see, e.g.,
J. Amer. Statist. Assoc. 97 (2002) 1090–1098]. These models represent the
propensity for two individuals to form edges as conditionally independent
given the distance between the individuals in an unobserved social space.
Our work departs from previous work in this area by representing dependence
structure between network views through a multivariate Bernoulli likelihood,
providing a representation of between-view association. This approach infers
correlations between views not explained by the latent space model. Using
our method, we explore 6 multiview network structures across 75 villages in
rural southern Karnataka, India [Banerjee et al. (2013)].
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A BAYESIAN APPROACH TO THE GLOBAL ESTIMATION OF
MATERNAL MORTALITY1

BY LEONTINE ALKEMA∗, SANQIAN ZHANG†, DORIS CHOU‡,
ALISON GEMMILL§, ANN-BETH MOLLER‡, DORIS MA FAT‡, LALE SAY‡,

COLIN MATHERS‡ AND DANIEL HOGAN‡

University of Massachusetts, Amherst∗, Harvard University†, World Health
Organization‡ and University of California, Berkeley§

The maternal mortality ratio (MMR) is defined as the number of ma-
ternal deaths in a population per 100,000 live births. Country-specific MMR
estimates are published on a regular basis by the United Nations Maternal
Mortality Estimation Inter-agency Group (UN MMEIG) to track progress in
reducing maternal deaths and were used to evaluate regional and national per-
formance related to Millennium Development Goal (MDG) 5, which called
for a 75% reduction in the MMR between 1990 and 2015.

Until 2014, the UN MMEIG used a multilevel regression model for pro-
ducing estimates for countries without sufficient data from vital registration
systems. While this model worked well in the past to assess MMR levels
for countries with limited data, it was deemed unsatisfactory for final MDG
5 reporting for countries where longer time series of observations had be-
come available because, by construction, estimated trends in the MMR were
covariate-driven only and did not necessarily track data-driven trends.

We developed a Bayesian maternal mortality estimation model, which ex-
tends upon the UN MMEIG multilevel regression model. The new model
assesses data-driven trends through the inclusion of an ARIMA time series
model that captures accelerations and decelerations in the rate of change
in the MMR. Varying reporting and data quality issues are accounted for
in source-specific data models. The revised model provides data-driven es-
timates of MMR levels and trends and was used for MDG 5 reporting for all
countries.
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MAXIMUM LIKELIHOOD FEATURES FOR
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Most approaches to computer vision can be thought of as lying some-
where on a continuum between generative and discriminative. Although each
approach has had its successes, recent advances have favored discriminative
methods, most notably the convolutional neural network. Still, there is some
doubt about whether this approach will scale to a human-level performance
given the numbers of samples that are needed to train state-of-the-art sys-
tems. Here, we focus on the generative or Bayesian approach, which is more
model based and, in theory, more efficient. Challenges include latent-variable
modeling, computationally efficient inference, and data modeling. We restrict
ourselves to the problem of data modeling, which is possibly the most daunt-
ing, and specifically to the generative modeling of image patches. We formu-
late a new approach, which can be broadly characterized as an application
of “conditional modeling,” designed to sidestep the high-dimensionality and
complexity of image data. A series of experiments, learning appearance mod-
els for faces and parts of faces, illustrates the flexibility and effectiveness of
the approach.
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The gravitational field of a galaxy can act as a lens and deflect the light
emitted by a more distant object such as a quasar. Strong gravitational lensing
causes multiple images of the same quasar to appear in the sky. Since the light
in each gravitationally lensed image traverses a different path length from the
quasar to the Earth, fluctuations in the source brightness are observed in the
several images at different times. The time delay between these fluctuations
can be used to constrain cosmological parameters and can be inferred from
the time series of brightness data or light curves of each image. To estimate
the time delay, we construct a model based on a state-space representation
for irregularly observed time series generated by a latent continuous-time
Ornstein–Uhlenbeck process. We account for microlensing, an additional
source of independent long-term extrinsic variability, via a polynomial re-
gression. Our Bayesian strategy adopts a Metropolis–Hastings within Gibbs
sampler. We improve the sampler by using an ancillarity-sufficiency inter-
weaving strategy and adaptive Markov chain Monte Carlo. We introduce a
profile likelihood of the time delay as an approximation of its marginal poste-
rior distribution. The Bayesian and profile likelihood approaches complement
each other, producing almost identical results; the Bayesian method is more
principled but the profile likelihood is simpler to implement. We demonstrate
our estimation strategy using simulated data of doubly- and quadruply-lensed
quasars, and observed data from quasars Q0957+561 and J1029+2623.
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COMPARING HEALTHCARE UTILIZATION PATTERNS VIA
GLOBAL DIFFERENCES IN THE ENDORSEMENT OF CURRENT

PROCEDURAL TERMINOLOGY CODES1

BY XU SHI∗, HRISTINA PASHOVA† AND PATRICK J. HEAGERTY∗

University of Washington∗ and Axio Research†

The linkage of electronic medical records (EMR) across clinics, hospi-
tals, and healthcare systems is opening new opportunities to evaluate factors
associated with both individual treatment benefit and potential harm. For ex-
ample, the FDA Sentinel initiative seeks to create a surveillance network with
over 100 million patient lives (Behrman et al. [N. Engl. J. Med. 364 (2011)
498–499]), while PCORnet has created multiple networks that include linked
electronic medical records from geographic regions such as entire cities or
states, with the ultimate goal of facilitating comparative effectiveness re-
search (Collins et al. [Journal of the American Medical Informatics Asso-
ciation 4 (2014) 576–577]). However, one key challenge to the use of elec-
tronically assembled cohorts is the potential for variation in both the choice of
specific healthcare procedures and coding practices due to differences in pa-
tient populations and/or financial incentives within care delivery networks. In
order to explore variation in patient care or procedure coding, we review and
develop statistical methods that can permit testing and estimation of subgroup
differences in code assignments. We focus on Current Procedural Terminol-
ogy (CPT) codes which are used in a standardized fashion to capture patient
treatment details and to record medical histories, but the methods we develop
can be used for any structured EMR data. We specifically study testing pro-
cedures that can be valid for comparing both rare and common counts as
routinely encountered with medical procedure codes, and we transfer meth-
ods from studies of genetic association. Hierarchical structure in terms of
both thematically grouped medical codes and provider-level clustering adds
unique complexity to the analysis of EMR data. We detail penalized regres-
sion methods unifying estimation and inference to leverage the hierarchical
structure and stabilize rate ratio estimates for rare procedures. We also ex-
pand inference methods to account for potential within provider correlation
of patient utilization. We illustrate methods comparing the endorsement of
CPT codes for subjects enrolled in a back pain cohort study where interest is
in the differences across recruitment centers in the use of CPT codes (Jarvik
[BMC Musculoskelet Disord. 13 (2012)]).
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GAUSSIAN PROCESS FRAMEWORK FOR TEMPORAL
DEPENDENCE AND DISCREPANCY FUNCTIONS IN

RICKER-TYPE POPULATION GROWTH MODELS

BY MARCELO HARTMANN∗,1,2, GEOFFREY R. HOSACK†,
RICHARD M. HILLARY† AND JARNO VANHATALO∗,1,2
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Density dependent population growth functions are of central importance
to population dynamics modelling because they describe the theoretical rate
of recruitment of new individuals to a natural population. Traditionally, these
functions are described with a fixed functional form with temporally constant
parameters and without species interactions. The Ricker stock-recruitment
model is one such function that is commonly used in fisheries stock assess-
ment. In recent years, there has been increasing interest in semiparametric and
temporally varying population growth models. The former are related to the
general statistical approach of using semiparametric discrepancy functions,
such as Gaussian processes (GP), to model deviations around the expected
parametric function. In the latter, the reproductive rate, which is a key pa-
rameter describing the population growth rate, is assumed to vary in time. In
this work, we introduce how these existing Ricker population growth mod-
els can be formulated under the same statistical approach of hierarchical GP
models. We also show how the time invariant semiparametric approach can
be extended and combined with the time varying reproductive rate using a
GP model. Then we extend these models to the multispecies setting by incor-
porating cross-covariances among species with a continuous time covariance
structure using the linear model of coregionalization. As a case study, we ex-
amine the productivity of three Pacific salmon populations. We compare the
alternative Ricker population growth functions using model posterior prob-
abilities and leave-one-out cross validation predictive densities. Our results
show substantial temporal variation in maximum reproductive rates and re-
veal temporal dependence among the species, which have direct management
implications. However, our results do not support inclusion of semiparamet-
ric discrepancy function and they suggest that the semiparametric discrepancy
functions may lead to challenges in parameter identifiability more generally.
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A SEMIPARAMETRIC METHOD TO SIMULATE BIVARIATE
SPACE–TIME EXTREMES1
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Coastal hazards raise many concerns, as their assessment involves ex-
tremely high economic and ecological stakes. In particular, studies on rarely
observed but damaging events are quite numerous. In order to anticipate up-
coming events of this kind, specialists need to extrapolate the results of their
studies to events that have not yet occurred. Such events might be more ex-
treme than those already observed and could therefore severely impact the
coast. It is therefore paramount to propose methodologies to simulate such
extreme conditions. Parametric and nonparametric statistical methods have
already been used to assess environmental extreme quantities, from univari-
ate framework to spatial context; however, they do not generally focus on the
simulation of extreme environmental scenarios. This study introduces a semi-
parametric approach based on the Extreme Value Theory (EVT), dedicated
to the simulation of extreme space–time processes. In the proposed applica-
tion context, these processes describe near-shore hydraulic conditions. They
nourish coastal impact models to assess hazards along the coast. The benefit
of this approach is to be able to characterise coastal hazards on an event scale,
meaning we can characterise the impact both in space and through time for a
given extreme event. The usefulness of this space–time extreme modelling is
illustrated by a risk analysis related to the long-shore impact of extreme wave
events in the Gulf of Lions.
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In this paper we develop a statistical method for identifying links of a
network from time to event data. This method models the hazard function of
a node conditional on event time of other nodes, parameterizing the condi-
tional hazard function with the links of the network. It then estimates the haz-
ard function by maximizing a pseudo partial likelihood function with param-
eters subject to a user-specified penalty function and additional constraints.
To make such estimation robust, it adopts a pre-specified risk control on the
number of false discovered links by using the Stability Selection method.
Simulation study shows that under this hybrid procedure, the number of false
discovered links is tightly controlled while the true links are well recovered.
We apply our method to estimate a political cohesion network that drives
donation behavior of 146 firms from the data collected during the 2008 Tai-
wanese legislative election. The results show that firms affiliated with elite
organizations or firms of monopoly are more likely to diffuse donation be-
havior. In contrast, firms belonging to technology industry are more likely to
act independently on donation.
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A VARIATIONAL EM METHOD FOR MIXED MEMBERSHIP
MODELS WITH MULTIVARIATE RANK DATA: AN

ANALYSIS OF PUBLIC POLICY PREFERENCES

BY Y. SAMUEL WANG, ROSS L. MATSUEDA AND ELENA A. EROSHEVA

University of Washington

In this article, we consider modeling ranked responses from a heteroge-
neous population. Specifically, we analyze data from the Eurobarometer 34.1
survey regarding public policy preferences toward drugs, alcohol, and AIDS.
Such policy preferences are likely to exhibit substantial differences within as
well as across European nations reflecting a wide variety of cultures, political
affiliations, ideological perspectives, and common practices. We use a mixed
membership model to account for multiple subgroups with differing prefer-
ences and to allow each individual to possess partial membership in more than
one subgroup. Previous methods for fitting mixed membership models to rank
data in a univariate setting have utilized an MCMC approach and do not es-
timate the relative frequency of each subgroup. We propose a variational EM
approach for fitting mixed membership models with multivariate rank data.
Our method allows for fast approximate inference and explicitly estimates the
subgroup sizes. Analyzing the Eurobarometer 34.1 data, we find interpretable
subgroups which generally agree with the “left versus right” classification of
political ideologies.
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A NOVEL AND EFFICIENT ALGORITHM FOR DE NOVO
DISCOVERY OF MUTATED DRIVER PATHWAYS IN CANCER1

BY BINGHUI LIU∗,†, CHONG WU†,2, XIAOTONG SHEN† AND WEI PAN†

Northeast Normal University∗ and University of Minnesota†

Next-generation sequencing studies on cancer somatic mutations have
discovered that driver mutations tend to appear in most tumor samples, but
they barely overlap in any single tumor sample, presumably because a single
driver mutation can perturb the whole pathway. Based on the corresponding
new concepts of coverage and mutual exclusivity, new methods can be de-
signed for de novo discovery of mutated driver pathways in cancer. Since
the computational problem is a combinatorial optimization with an objec-
tive function involving a discontinuous indicator function in high dimension,
many existing optimization algorithms, such as a brute force enumeration,
gradient descent and Newton’s methods, are practically infeasible or directly
inapplicable. We develop a new algorithm based on a novel formulation of
the problem as nonconvex programming and nonconvex regularization. The
method is computationally more efficient, effective and scalable than exist-
ing Monte Carlo searching and several other algorithms, which have been
applied to The Cancer Genome Atlas (TCGA) project. We also extend the
new method for integrative analysis of both mutation and gene expression
data. We demonstrate the promising performance of the new methods with
applications to three cancer datasets to discover de novo mutated driver path-
ways.
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LATENT CLASS MODELING USING MATRIX COVARIATES WITH
APPLICATION TO IDENTIFYING EARLY PLACEBO

RESPONDERS BASED ON EEG SIGNALS1

BY BEI JIANG∗, EVA PETKOVA†,‡, THADDEUS TARPEY§ AND

R. TODD OGDEN¶

University of Alberta∗, New York University†, Nathan S. Kline Institute for
Psychiatric Research‡, Wright State University§ and Columbia University¶

Latent class models are widely used to identify unobserved subgroups
(i.e., latent classes) based upon one or more manifest variables. The prob-
ability of belonging to each subgroup is typically modeled as a function of
a set of measured covariates. In this paper, we extend existing latent class
models to incorporate matrix covariates. This research is motivated by a ran-
domized placebo-controlled depression clinical trial. One study goal is to
identify a subgroup of subjects who experience symptoms improvement early
on during antidepressant treatment, which is considered to be an indication
of a placebo rather than a true pharmacological response. We want to relate
the likelihood of belonging to this subgroup of early responders to baseline
electroencephalography (EEG) measurement that takes the form of a ma-
trix. The proposed method is built upon a low-rank Candecomp/Parafac (CP)
decomposition of the target coefficient matrix through low-dimensional la-
tent variables, which effectively reduces the model dimensionality. We adopt
a Bayesian hierarchical modeling approach to estimate the latent variables,
which allows a flexible way to incorporate prior knowledge about covariate
effect heterogeneity and offers a data-driven method of regularization. Simu-
lation studies suggest that the proposed method is robust against potentially
misspecified rank in the CP decomposition. With the motivating example we
show how the proposed method can be applied to extract valuable information
from baseline EEG measurements that explains the likelihood of belonging
to the early responder subgroup, helping to identify placebo responders and
suggesting new targets for the study of placebo response.
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A MULTI-STATE CONDITIONAL LOGISTIC REGRESSION MODEL
FOR THE ANALYSIS OF ANIMAL MOVEMENT1

BY AURÉLIEN NICOSIA, THIERRY DUCHESNE, LOUIS-PAUL RIVEST AND

DANIEL FORTIN

Université Laval

A multi-state version of an animal movement analysis method based on
conditional logistic regression, called Step Selection Function (SSF), is pro-
posed. In ecology SSF is developed from a comparison between the observed
location of an animal and randomly sampled locations at each time step. In-
terpretation of the parameters in the multi-state model and the impact of dif-
ferent sampling schemes for the random locations are discussed. We prove the
relationship between the new model, called HMM-SSF, and a random walk
model on the plane. This relationship allows one to use both movement char-
acteristics and local discrete choice behaviors when identifying the model’s
hidden states. The new HMM-SSF is used to model the movement behav-
ior of GPS-collared bison in Prince Albert National Park, Canada, where it
successfully teases apart areas used to forage and to travel. The analysis thus
provides valuable insights into how bison adjust their movement to habitat
features, thereby revealing spatial determinants of functional connectivity in
heterogeneous landscapes.
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BAYESIAN LARGE-SCALE MULTIPLE REGRESSION WITH
SUMMARY STATISTICS FROM GENOME-WIDE

ASSOCIATION STUDIES1

BY XIANG ZHU AND MATTHEW STEPHENS

University of Chicago

Bayesian methods for large-scale multiple regression provide attractive
approaches to the analysis of genome-wide association studies (GWAS). For
example, they can estimate heritability of complex traits, allowing for both
polygenic and sparse models; and by incorporating external genomic data into
the priors, they can increase power and yield new biological insights. How-
ever, these methods require access to individual genotypes and phenotypes,
which are often not easily available. Here we provide a framework for per-
forming these analyses without individual-level data. Specifically, we intro-
duce a “Regression with Summary Statistics” (RSS) likelihood, which relates
the multiple regression coefficients to univariate regression results that are
often easily available. The RSS likelihood requires estimates of correlations
among covariates (SNPs), which also can be obtained from public databases.
We perform Bayesian multiple regression analysis by combining the RSS
likelihood with previously proposed prior distributions, sampling posteriors
by Markov chain Monte Carlo. In a wide range of simulations RSS performs
similarly to analyses using the individual data, both for estimating heritability
and detecting associations. We apply RSS to a GWAS of human height that
contains 253,288 individuals typed at 1.06 million SNPs, for which analyses
of individual-level data are practically impossible. Estimates of heritability
(52%) are consistent with, but more precise, than previous results using sub-
sets of these data. We also identify many previously unreported loci that show
evidence for association with height in our analyses. Software is available at
https://github.com/stephenslab/rss.
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Combination antiretroviral therapy successfully controls viral replication
in most HIV infected patients. This is normally followed by a reconstitution
of the CD4+ T cells pool, but not for all patients. For these patients, an im-
munotherapy based on injections of Interleukin 7 (IL-7) has been recently
proposed in the hope of obtaining long-term reconstitution of the T cells pool.
Several questions arise as to the long-term efficiency of this treatment and the
best protocol to apply. Mathematical and statistical models can help answer
these questions.

We developed a model based on a system of ordinary differential equa-
tions and a statistical model of variability and measurement. We can estimate
key parameters of this model using the data from the main studies for this
treatment, the INSPIRE, INSPIRE 2, and INSPIRE 3 trials. In all three stud-
ies, cycles of three injections have been administered; in the last two studies,
for the first time, repeated cycles of IL-7 have been administered. Repeated
measures of total CD4+ T cells count in 128 patients, as well as CD4+Ki67+
T cells count (the number of cells expressing the proliferation marker Ki67) in
some of them, were available. Our aim was to estimate the possibly different
effects of successive injections in a cycle, to estimate the effect of repeated
cycles and to assess different protocols.

The use of dynamical models together with our complex statistical ap-
proach allow us to analyze major biological questions. We found a strong
effect of IL-7 injections on the proliferation rate; however, the effect of the
third injection of the cycle appears to be much weaker than the first ones.
Also, despite a slightly weaker effect of repeated cycles with respect to the
initial one, our simulations show the ability of this treatment of maintaining
adequate CD4+ T cells count for years. We also compared different proto-
cols, showing that cycles of two injections should be sufficient in most cases.
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The assessment of pollution exposure is based on the analysis of a mul-
tivariate time series that include the concentrations of several pollutants as
well as the measurements of multiple atmospheric variables. It typically re-
quires methods of dimensionality reduction that are capable of identifying
potentially dangerous combinations of pollutants and simultaneously seg-
menting exposure periods according to air quality conditions. When the data
are high-dimensional, however, efficient methods of dimensionality reduc-
tion are challenging because of the formidable structure of cross-correlations
that arise from the dynamic interaction between weather conditions and nat-
ural/anthropogenic pollution sources. In order to assess pollution exposure
in an urban area while taking the above mentioned difficulties into account,
we have developed a class of parsimonious hidden Markov models. In a mul-
tivariate time series setting, this approach simultaneously allows for the per-
formance of temporal segmentation and dimensionality reduction. We specif-
ically approximate the distribution of multiple pollutant concentrations by
mixtures of factor analysis models, whose parameters evolve according to a
latent Markov chain. Covariates are included as predictors of the chain tran-
sition probabilities. Parameter constraints on the factorial component of the
model are exploited to tune the flexibility of dimensionality reduction. In or-
der to estimate the model parameters efficiently, we have proposed a novel
three-step Alternating Expected Conditional Maximization (AECM) algo-
rithm, which is also assessed in a simulation study. In the case study, the
proposed methods could (1) describe the exposure to pollution in terms of
a few latent regimes, (2) associate these regimes with specific combinations
of pollutant concentration levels as well as distinct correlation structures be-
tween concentrations, and (3) capture the influence of weather conditions on
transitions between regimes.
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DYNAMIC PREDICTION OF DISEASE PROGRESSION FOR
LEUKEMIA PATIENTS BY FUNCTIONAL PRINCIPAL

COMPONENT ANALYSIS OF LONGITUDINAL
EXPRESSION LEVELS OF AN ONCOGENE

BY FANGRONG YAN∗,†,1, XIAO LIN∗ AND XUELIN HUANG†,2

China Pharmaceutical University∗ and The University of Texas
MD Anderson Cancer Center†

Patients’ biomarker data are repeatedly measured over time during their
follow-up visits. Statistical models are needed to predict disease progression
on the basis of these longitudinal biomarker data. Such predictions must be
conducted on a real-time basis so that at any time a new biomarker mea-
surement is obtained, the prediction can be updated immediately to reflect
the patient’s latest prognosis and further treatment can be initiated as nec-
essary. This is called dynamic prediction. The challenge is that longitudinal
biomarker values fluctuate over time, and their changing patterns vary greatly
across patients. In this article, we apply functional principal components anal-
ysis (FPCA) to longitudinal biomarker data to extract their features, and use
these features as covariates in a Cox proportional hazards model to conduct
dynamic predictions. Our flexible approach comprehensively characterizes
the trajectory patterns of the longitudinal biomarker data. Simulation stud-
ies demonstrate its robust performance for dynamic prediction under various
scenarios. The proposed method is applied to dynamically predict the risk
of disease progression for patients with chronic myeloid leukemia following
their treatments with tyrosine kinase inhibitors. The FPCA method is applied
to their longitudinal measurements of BCR-ABL gene expression levels dur-
ing follow-up visits to obtain the changing patterns over time as predictors.
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SHAPE-CONSTRAINED UNCERTAINTY QUANTIFICATION IN
UNFOLDING STEEPLY FALLING ELEMENTARY

PARTICLE SPECTRA

BY MIKAEL KUUSELA1,2 AND PHILIP B. STARK

École Polytechnique Fédérale de Lausanne and University of California, Berkeley

The high energy physics unfolding problem is an important statistical in-
verse problem in data analysis at the Large Hadron Collider (LHC) at CERN.
The goal of unfolding is to make nonparametric inferences about a particle
spectrum from measurements smeared by the finite resolution of the particle
detectors. Previous unfolding methods use ad hoc discretization and regu-
larization, resulting in confidence intervals that can have significantly lower
coverage than their nominal level. Instead of regularizing using a roughness
penalty or stopping iterative methods early, we impose physically motivated
shape constraints: positivity, monotonicity, and convexity. We quantify the
uncertainty by constructing a nonparametric confidence set for the true spec-
trum, consisting of all those spectra that satisfy the shape constraints and that
predict the observations within an appropriately calibrated level of fit. Pro-
jecting that set produces simultaneous confidence intervals for all function-
als of the spectrum, including averages within bins. The confidence intervals
have guaranteed conservative frequentist finite-sample coverage in the impor-
tant and challenging class of unfolding problems for steeply falling particle
spectra. We demonstrate the method using simulations that mimic unfold-
ing the inclusive jet transverse momentum spectrum at the LHC. The shape-
constrained intervals provide usefully tight conservative inferences, while the
conventional methods suffer from severe undercoverage.
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TOWARD BAYESIAN INFERENCE OF THE SPATIAL
DISTRIBUTION OF PROTEINS FROM THREE-CUBE
FÖRSTER RESONANCE ENERGY TRANSFER DATA1

BY JAN-OTTO HOOGHOUDT∗, MARGARIDA BARROSO† AND

RASMUS WAAGEPETERSEN∗

Aalborg University∗ and Albany Medical College†

Förster resonance energy transfer (FRET) is a quantum-physical phe-
nomenon where energy may be transferred from one molecule to a neigh-
bor molecule if the molecules are close enough. Using fluorophore molecule
marking of proteins in a cell, it is possible to measure in microscopic images
to what extent FRET takes place between the fluorophores. This provides
indirect information of the spatial distribution of the proteins. Questions of
particular interest are whether (and if so to which extent) proteins of possibly
different types interact or whether they appear independently of each other.
In this paper we propose a new likelihood-based approach to statistical infer-
ence for FRET microscopic data. The likelihood function is obtained from a
detailed modeling of the FRET data-generating mechanism conditional on a
protein configuration. We next follow a Bayesian approach and introduce a
spatial point process prior model for the protein configurations depending on
hyperparameters quantifying the intensity of the point process. Posterior dis-
tributions are evaluated using Markov chain Monte Carlo. We propose to infer
microscope-related parameters in an initial step from reference data without
interaction between the proteins. The new methodology is applied to simu-
lated and real datasets.
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BIOMARKER CHANGE-POINT ESTIMATION WITH RIGHT
CENSORING IN LONGITUDINAL STUDIES1

BY XIAOYING TANG∗, MICHAEL I. MILLER† AND LAURENT YOUNES†

Sun Yat-Sen University∗ and Johns Hopkins University†

We consider in this paper a statistical two-phase regression model in
which the change point of a disease biomarker is measured relative to an-
other point in time, such as the manifestation of the disease, which is sub-
ject to right-censoring (i.e., possibly unobserved over the entire course of the
study). We develop point estimation methods for this model, based on max-
imum likelihood, and bootstrap validation methods. The effectiveness of our
approach is illustrated by numerical simulations, and by the estimation of a
change point for amygdalar atrophy in the context of Alzheimer’s disease,
wherein it is related to the cognitive manifestation of the disease.
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In many biomedical settings, assigning every patient the same treatment
may not be optimal due to patient heterogeneity. Individualized treatment
regimes have the potential to dramatically improve clinical outcomes. When
the primary outcome is censored survival time, a main interest is to find op-
timal treatment regimes that maximize the survival probability of patients.
Since the survival curve is a function of time, it is important to balance short-
term and long-term benefit when assigning treatments. In this paper, we pro-
pose a doubly robust approach to estimate optimal treatment regimes that
optimize a user specified function of the survival curve, including the re-
stricted mean survival time and the median survival time. The empirical and
asymptotic properties of the proposed method are investigated. The proposed
method is applied to a data set from an ongoing HIV/AIDS clinical observa-
tional study conducted by the University of North Carolina (UNC) Center of
AIDS Research (CFAR), and shows the proposed methods significantly im-
prove the restricted mean time of the initial treatment duration. Finally, the
proposed methods are extended to multi-stage studies.
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DYNAMIC PREDICTION FOR MULTIPLE REPEATED MEASURES
AND EVENT TIME DATA: AN APPLICATION TO
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In many clinical trials studying neurodegenerative diseases such as
Parkinson’s disease (PD), multiple longitudinal outcomes are collected to
fully explore the multidimensional impairment caused by this disease. If the
outcomes deteriorate rapidly, patients may reach a level of functional disabil-
ity sufficient to initiate levodopa therapy for ameliorating disease symptoms.
An accurate prediction of the time to functional disability is helpful for clini-
cians to monitor patients’ disease progression and make informative medical
decisions. In this article, we first propose a joint model that consists of a
semiparametric multilevel latent trait model (MLLTM) for the multiple lon-
gitudinal outcomes, and a survival model for event time. The two submodels
are linked together by an underlying latent variable. We develop a Bayesian
approach for parameter estimation and a dynamic prediction framework for
predicting target patients’ future outcome trajectories and risk of a survival
event, based on their multivariate longitudinal measurements. Our proposed
model is evaluated by simulation studies and is applied to the DATATOP
study, a motivating clinical trial assessing the effect of deprenyl among pa-
tients with early PD.
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TESTING HIGH-DIMENSIONAL COVARIANCE MATRICES, WITH
APPLICATION TO DETECTING SCHIZOPHRENIA RISK GENES

BY LINGXUE ZHU∗, JING LEI∗,1, BERNIE DEVLIN†,2 AND
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Scientists routinely compare gene expression levels in cases versus con-
trols in part to determine genes associated with a disease. Similarly, detect-
ing case-control differences in co-expression among genes can be critical to
understanding complex human diseases; however, statistical methods have
been limited by the high-dimensional nature of this problem. In this paper,
we construct a sparse-Leading-Eigenvalue-Driven (sLED) test for compar-
ing two high-dimensional covariance matrices. By focusing on the spectrum
of the differential matrix, sLED provides a novel perspective that accommo-
dates what we assume to be common, namely sparse and weak signals in
gene expression data, and it is closely related with sparse principal compo-
nent analysis. We prove that sLED achieves full power asymptotically un-
der mild assumptions, and simulation studies verify that it outperforms other
existing procedures under many biologically plausible scenarios. Applying
sLED to the largest gene-expression dataset obtained from post-mortem brain
tissue from Schizophrenia patients and controls, we provide a novel list of
genes implicated in Schizophrenia and reveal intriguing patterns in gene co-
expression change for Schizophrenia subjects. We also illustrate that sLED
can be generalized to compare other gene-gene “relationship” matrices that
are of practical interest, such as the weighted adjacency matrices.
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