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WHAT WE LOOK AT IN PAINTINGS: A COMPARISON BETWEEN
EXPERIENCED AND INEXPERIENCED ART VIEWERS

BY ANNA-KAISA YLITALO®!, AILA SARKKAT-2 AND PETER GUTTORP*S

University of Jyvaskyla*,
Chalmers University of Technology and University of Gothenbur)g*,
University of Washington* and Norwegian Computing Center®

How do people look at art? Are there any differences between how expe-
rienced and inexperienced art viewers look at a painting? We approach these
questions by analyzing and modeling eye movement data from a cognitive
art research experiment, where the eye movements of twenty test subjects,
ten experienced and ten inexperienced art viewers, were recorded while they
were looking at paintings.

Eye movements consist of stops of the gaze as well as jumps between the
stops. Hence, the observed gaze stop locations can be thought of as a spatial
point pattern, which can be modeled by a spatio-temporal point process. We
introduce some statistical tools to analyze the spatio-temporal eye movement
data, and compare the eye movements of experienced and inexperienced art
viewers. In addition, we develop a stochastic model, which is rather simple
but fits quite well to the eye movement data, to further investigate the differ-
ences between the two groups through functional summary statistics.
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PREDICTIVE MODELING OF CHOLERA OUTBREAKS
IN BANGLADESH

BY AMANDA A. KOEPKE*™! IRA M. LONGINI, JR.T-1,
M. ELIZABETH HALLORAN**1 JON WAKEFIELD*2
AND VLADIMIR N. MININ®-3

Fred Hutchinson Cancer Research Center*, University of F lorida’
and University of Washington*

Despite seasonal cholera outbreaks in Bangladesh, little is known about
the relationship between environmental conditions and cholera cases. We
seek to develop a predictive model for cholera outbreaks in Bangladesh based
on environmental predictors. To do this, we estimate the contribution of envi-
ronmental variables, such as water depth and water temperature, to cholera
outbreaks in the context of a disease transmission model. We implement
a method which simultaneously accounts for disease dynamics and envi-
ronmental variables in a Susceptible-Infected-Recovered-Susceptible (SIRS)
model. The entire system is treated as a continuous-time hidden Markov
model, where the hidden Markov states are the numbers of people who are
susceptible, infected or recovered at each time point, and the observed states
are the numbers of cholera cases reported. We use a Bayesian framework to
fit this hidden SIRS model, implementing particle Markov chain Monte Carlo
methods to sample from the posterior distribution of the environmental and
transmission parameters given the observed data. We test this method using
both simulation and data from Mathbaria, Bangladesh. Parameter estimates
are used to make short-term predictions that capture the formation and decline
of epidemic peaks. We demonstrate that our model can successfully predict
an increase in the number of infected individuals in the population weeks be-
fore the observed number of cholera cases increases, which could allow for
early notification of an epidemic and timely allocation of resources.
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FEATURE SCREENING FOR TIME-VARYING COEFFICIENT
MODELS WITH ULTRAHIGH-DIMENSIONAL
LONGITUDINAL DATA

BY WANGHUAN CHUI, RUNZE L1 AND MATTHEW REIMHERR
Pennsylvania State University

Motivated by an empirical analysis of the Childhood Asthma Manage-
ment Project, CAMP, we introduce a new screening procedure for varying co-
efficient models with ultrahigh-dimensional longitudinal predictor variables.
The performance of the proposed procedure is investigated via Monte Carlo
simulation. Numerical comparisons indicate that it outperforms existing ones
substantially, resulting in significant improvements in explained variability
and prediction error. Applying these methods to CAMP, we are able to find
a number of potentially important genetic mutations related to lung function,
several of which exhibit interesting nonlinear patterns around puberty.
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PSEUDO-VALUE APPROACH FOR CONDITIONAL QUANTILE
RESIDUAL LIFETIME ANALYSIS FOR CLUSTERED SURVIVAL
AND COMPETING RISKS DATA WITH APPLICATIONS TO BONE
MARROW TRANSPLANT DATA!

BY KWANG W0OO AHN AND BRENT R. LOGAN
Medical College of Wisconsin

Quantile residual lifetime analysis is conducted to compare remaining
lifetimes among groups for survival data. Evaluating residual lifetimes among
groups after adjustment for covariates is often of interest. The current litera-
ture is limited to comparing two groups for independent data. We propose a
pseudo-value approach to compare quantile residual lifetimes given covari-
ates between multiple groups for independent and clustered survival data.
The proposed method considers clustered event times and clustered censoring
times in addition to independent event times and censoring times. We show
that the method can also be used to compare multiple groups on the cause-
specific residual life distribution in the competing risk setting, for which there
are no current methods which account for clustering. The empirical Type I er-
rors and statistical power of the proposed study are examined in a simulation
study, which shows that the proposed method controls Type I errors very well
and has higher power than an existing method. The proposed method is illus-
trated by a bone marrow transplant data set.
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A SPATIOTEMPORAL NONPARAMETRIC BAYESIAN MODEL OF
MULTI-SUBJECT FMRI DATA

BY LINLIN ZHANG*, MICHELE GUINDANI', FRANCESCO VERSACE?,
JEFFREY M. ENGELMANNY AND MARINA VANNUCCI*

Rice University*, MD Anderson Cancer Center', University of Oklahoma Health
Sciences Center* and MD Anderson Cancer Center®

In this paper we propose a unified, probabilistically coherent framework
for the analysis of task-related brain activity in multi-subject fMRI experi-
ments. This is distinct from two-stage “group analysis” approaches tradition-
ally considered in the fMRI literature, which separate the inference on the
individual fMRI time courses from the inference at the population level. In
our modeling approach we consider a spatiotemporal linear regression model
and specifically account for the between-subjects heterogeneity in neuronal
activity via a spatially informed multi-subject nonparametric variable selec-
tion prior. For posterior inference, in addition to Markov chain Monte Carlo
sampling algorithms, we develop suitable variational Bayes algorithms. We
show on simulated data that variational Bayes inference achieves satisfac-
tory results at more reduced computational costs than using MCMC, allow-
ing scalability of our methods. In an application to data collected to assess
brain responses to emotional stimuli our method correctly detects activation
in visual areas when visual stimuli are presented.
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NONPARAMETRIC MULTI-LEVEL CLUSTERING
OF HUMAN EPILEPSY SEIZURES'

BY DRAUSIN F. WULSIN, SHANE T. JENSEN AND BRIAN LITT
University of Pennsylvania

Understanding neuronal activity in the human brain is an extremely dif-
ficult problem both in terms of measurement and statistical modeling. We
address a particular research question in this area: the analysis of human in-
tracranial electroencephalogram (iEEG) recordings of epileptic seizures from
a collection of patients. In these data, each seizure of each patient is defined
by the activities of many individual recording channels. The modeling of
epileptic seizures is challenging due the large amount of heterogeneity in
iEEG signal between channels within a particular seizure, between seizures
within an individual, and across individuals. We develop a new nonparamet-
ric hierarchical Bayesian model that simultaneously addresses these multiple
levels of heterogeneity in our epilepsy data. Our approach, which we call
a multi-level clustering hierarchical Dirichlet process (MLC-HDP), clusters
over channel activities within a seizure, over seizures of a patient and over
patients. We demonstrate the advantages of our methodology over alternative
approaches in human EEG seizure data and show that its seizure clustering
is close to manual clustering by a physician expert. We also address impor-
tant clinical questions like “to which seizures of other patients is this seizure
similar?”
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SHRINKAGE OF DISPERSION PARAMETERS IN THE BINOMIAL
FAMILY, WITH APPLICATION TO DIFFERENTIAL
EXON SKIPPING!

BY SEAN RUDDY, MARLA JOHNSON AND ELIZABETH PURDOM
University of California, Berkeley

The prevalence of sequencing experiments in genomics has led to an in-
creased use of methods for count data in analyzing high-throughput genomic
data to perform analyses. The importance of shrinkage methods in improving
the performance of statistical methods remains. A common example is gene
expression data, where the counts per gene are often modeled as some form
of an overdispersed Poisson. Shrinkage estimates of the per-gene dispersion
parameter have led to improved estimation of dispersion, particularly in the
case of a small number of samples.

We address a different count setting introduced by the use of sequencing
data: comparing differential proportional usage via an overdispersed binomial
model. We are motivated by our interest in testing for differential exon skip-
ping in mRNA-Seq experiments. We introduce a novel shrinkage method that
models the overdispersion with the double binomial distribution proposed by
Efron [J. Amer. Statist. Assoc. 81 (1986) 709-721].

Our method (WEB-Seq) is an empirical Bayes strategy for producing a
shrunken estimate of dispersion and effectively detects differential propor-
tional usage, and has close ties to the weighted-likelihood strategy of edgeR
developed for gene expression data [Bioinformatics 23 (2007) 2881-2887,
Bioinformatics (Oxford, England) 26 (2010) 139-140]. We analyze its be-
havior on simulated data sets as well as real data and show that our method
is fast, powerful and gives accurate control of the FDR compared to alterna-
tive approaches. We provide implementation of our methods in the R package
DoubleExpSeq available on CRAN.
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The detection of local genomic signals using high-throughput DNA se-
quencing data can be cast as a problem of scanning a Poisson random field
for local changes in the rate of the process. We propose a likelihood-based
framework for such scans, and derive formulas for false positive rate con-
trol and power calculations. The framework can also accommodate modi-
fied processes that involve overdispersion. As a specific, detailed example,
we consider the detection of insertions and deletions by paired-end DNA-
sequencing. We propose several statistics for this problem, compare their
power under current experimental designs, and illustrate their application on
an [llumina Platinum Genomes data set.
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A STATISTICAL MODELING APPROACH FOR AIR QUALITY
DATA BASED ON PHYSICAL DISPERSION PROCESSES AND ITS
APPLICATION TO OZONE MODELING
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For many complex environmental processes such as air pollution, the
underlying physical mechanism usually provides valuable insights into the
statistical modeling. In this paper, we propose a statistical air quality model
motivated by a commonly used physical dispersion model, called the scalar
transport equation. The emission of a pollutant is modeled by covariates such
as land use, traffic pattern and meteorological conditions, while the trans-
port and decay of a pollutant are modeled through a convolution approach
which takes into account the dynamic wind field. This approach naturally es-
tablishes a nonstationary random field with a space—time nonseparable and
anisotropic covariance structure. Note that, due to the extremely complex in-
teractions between the pollutant and environmental conditions, the space—
time covariance structure of pollutant concentration data is often dynamic
and can hardly be specified or envisioned directly. The relationship between
the proposed spatial-temporal model and the physics model is also shown,
and the approach is applied to model the hourly ozone concentration data in
Singapore.

REFERENCES

BANERIJEE, S., CARLIN, B. P. and GELFAND, A. E. (2014). Hierarchical Modeling and Analysis
for Spatial Data, 2nd ed. Monographs on Statistics and Applied Probability 135. CRC Press,
Boca Raton, FL. MR3362184

BERLINER, L. M. (2003). Physical-statistical modeling in geophysics. Journal of Geophysical
Research-Atmospheres 108 STS 3-1-STS 3-10.

BROWN, P. E., KARESEN, K. F., ROBERTS, G. O. and TONELLATO, S. (2000). Blur-generated non-
separable space—time models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 62 847-860. MR1796297
BYUN, D. and SCHERE, K. L. (2006). Review of the governing equations, computational algo-
rithms, and other components of the models-3 community multiscale air quality (CMAQ) model-

ing system. Applied Mechanics Reviews 59 51-77.

CALDER, C. A. (2007). Dynamic factor process convolution models for multivariate space—time
data with application to air quality assessment. Environ. Ecol. Stat. 14 229-247. MR2405328
CAMELETTI, M., LINDGREN, F., SIMPSON, D. and RUE, H. (2013). Spatio-temporal modeling of
particulate matter concentration through the SPDE approach. AStA Adv. Stat. Anal. 97 109-131.

MR3045763

Key words and phrases. Spatial-temporal modeling, air quality model, partial differential equa-
tion, space—time nonseparable and anisotropic random field.


http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/15-AOAS901
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3362184
http://www.ams.org/mathscinet-getitem?mr=1796297
http://www.ams.org/mathscinet-getitem?mr=2405328
http://www.ams.org/mathscinet-getitem?mr=3045763

CARROLL, R., CHEN, E., L1, T., NEWTON, H., SCHMIEDICHE, H. and WANG, N. (1997). Ozone
exposure and population density in Harris county. Texas. Journal of the American Statistical
Association 92 392-404.

CHRISTAKOS, G. and VYAS, V. (1998). A composite space—time approach to studying ozone distri-
bution over eastern United States. Atmospheric Environment 32 2845-2857.

CoATS, C. (1996). High performance algorithms in the sparse matrix operator kernel emissions
modelling system. In Proceedings of the Ninth Joint Conference on Applications of Air Pollu-
tion Meteorology of the American Meteorological Society and the Air and Waste Management
Association. Atlanta, GA.

CRESSIE, N. and HUANG, H.-C. (1999). Classes of nonseparable, spatio-temporal stationary co-
variance functions. J. Amer. Statist. Assoc. 94 1330-1340. MR1731494

Dou, Y., LE, N. D. and ZIDEK, J. V. (2010). Modeling hourly ozone concentration fields. Ann.
Appl. Stat. 4 1183-1213. MR2751338

FUENTES, M. (2009). Statistical issues in health impact assessment at the state and local levels. Air
Quality, Atmosphere and Health 2 47-55.

FUENTES, M., CHEN, L., DAvIs, J. M. and LACKMANN, G. M. (2005). Modeling and predicting
complex space—time structures and patterns of coastal wind fields. Environmetrics 16 449-464.
MR2147536

GHOSH, S. K., BHAVE, P. V., DAvIs, J. M. and LEE, H. (2010). Spatio-temporal analysis of total
nitrate concentrations using dynamic statistical models. J. Amer. Statist. Assoc. 105 538-551.
MR2759930

GNEITING, T. (2002). Nonseparable, stationary covariance functions for space—time data. J. Amer.
Statist. Assoc. 97 590-600. MR1941475

HAN, S., BIAN, H., FENG, Y., L1U, A., LI, X., ZENG, F. and ZHANG, X. (2011). Analysis of the
relationship between O3, NO and NO?2 in tianjin. China. Aerosol and Air Quality Research 11
128-139.

HASLETT, J. and RAFTERY, A. (1989). Space—time modelling with long-memory dependence: As-
sessing Ireland’s wind power resource (with discussion). Applied Statistics 38 1-50.

HIGDON, D. (2002). Space and space—time modeling using process convolutions. In Quantitative
Methods for Current Environmental Issues (C. Anderson, V. Barnett, P. Chatwind and A. El-
Shaarawi, eds.) 37-56. Springer, London. MR2059819

HIGDON, D. (2007). A process-convolution approach to modeling temperatures in the North Atlantic
Ocean. Environ. Ecol. Stat. 5 173-190.

HUANG, H. and Hsu, N. (2004). Modeling transport effects on ground-level ozone using a non-
stationary space—time model. Environmetrics 15 251-268.

Liu, X., YEO, K., HWANG, Y., SINGH, J. and KALAGNANAM, J. (2016). Supplement to “A sta-
tistical modeling approach for air quality data based on physical dispersion processes and its
application to ozone modeling.” DOI:10.1214/15-AOAS901SUPP.

MALMBERG, A., ARELLANO, A., EDWARDS, D. P., FLYER, N., NYCHKA, D. and WIKLE, C.
(2008). Interpolating fields of carbon monoxide data using a hybrid statistical-physical model.
Ann. Appl. Stat. 2 1231-1248. MR2655657

REICH, B. J. and FUENTES, M. (2007). A multivariate semiparametric Bayesian spatial modeling
framework for hurricane surface wind fields. Ann. Appl. Stat. 1 249-264. MR2393850

REICH, B. J., EIDSVIK, J., GUINDANI, M., NAIL, A. J. and SCHMIDT, A. M. (2011). A class of
covariate-dependent spatiotemporal covariance functions for the analysis of daily ozone concen-
tration. Ann. Appl. Stat. 5 2425-2447. MR2907121

REICH, B., COOLEY, D., FOLEY, K., NAPELENOK, S. and SHABY, B. (2013). Extreme value anal-
ysis for evaluating ozone control strategies. Ann. Appl. Stat. 7 739-762. MR3112916

SAHU, S. K., GELFAND, A. E. and HOLLAND, D. M. (2007). High-resolution space—time ozone
modeling for assessing trends. J. Amer. Statist. Assoc. 102 1221-1234. MR2412545


http://www.ams.org/mathscinet-getitem?mr=1731494
http://www.ams.org/mathscinet-getitem?mr=2751338
http://www.ams.org/mathscinet-getitem?mr=2147536
http://www.ams.org/mathscinet-getitem?mr=2759930
http://www.ams.org/mathscinet-getitem?mr=1941475
http://www.ams.org/mathscinet-getitem?mr=2059819
http://dx.doi.org/10.1214/15-AOAS901SUPP
http://www.ams.org/mathscinet-getitem?mr=2655657
http://www.ams.org/mathscinet-getitem?mr=2393850
http://www.ams.org/mathscinet-getitem?mr=2907121
http://www.ams.org/mathscinet-getitem?mr=3112916
http://www.ams.org/mathscinet-getitem?mr=2412545

SCHABENBERGER, O. and GOTWAY, C. A. (2005). Statistical Methods for Spatial Data Analysis.
Chapman & Hall/CRC, Boca Raton, FL. MR2134116

SHADDICK, G., LEE, D., ZIDEK, J. V. and SALWAY, R. (2008). Estimating exposure response
functions using ambient pollution concentrations. Ann. Appl. Stat. 2 1249-1270. MR2655658

SIGRIST, F., KUNSCH, H. R. and STAHEL, W. A. (2015). Stochastic partial differential equation
based modelling of large space—time data sets. J. R. Stat. Soc. Ser. B. Stat. Methodol. 77 3-33.
MR3299397

SKAMAROCK, W. C., KLEMP, J. B., DUDHIA, J., GILL, D. O., BARKER, D. M., DUDA, M. G.,
HUANG, X. Y., WANG, W. and POWERS, J. G. (2008). A description of the advanced research
WREF version 3, Boulder, Colorado, USA. Ncar Technical Note: NCAR/TN-475+STR.

SMITH, L., FUENTES, M., REICH, B. and EDER, B. (2013). Prediction of speciated particulate
matter and bias assessment of numerical output data. International Journal of Environmental
Science and Engineering Research 4 8—17.

STEIN, M. L. (2007). Spatial variation of total column ozone on a global scale. Ann. Appl. Stat. 1
191-210. MR2393847

STEIN, M. L. (2009). Spatial interpolation of high-frequency monitoring data. Ann. Appl. Stat. 3
272-291. MR2668708

STROUD, J. R., MULLER, P. and SANSO, B. (2001). Dynamic models for spatiotemporal data. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 63 673—689. MR1872059

UNITED STATES ENVIRONMENTAL PROTECTION AGENCY (1998). EPA third-generation air qual-
ity modeling system, models-3 (EPA-600/R-98/069a). U.S. Environmental Protection Agency,
Research Triangle Park, NC.

UNITED STATES ENVIRONMENTAL PROTECTION AGENCY (2003). Air Quality index—A guide to
air quality and your health, EPA-454/K-03-002. U.S. Environmental Protection Agency, Research
Triangle Park, NC.

UNITED STATES ENVIRONMENTAL PROTECTION AGENCY (2012). Clean air act: Title [—Air pol-
lution prevention and control. Available at http://epa.gov/oar/caa/title1.html.

WIKLE, C. K., MILLIFF, R. F., NYCHKA, D. and BERLINER, L. M. (2001). Spatiotemporal hier-
archical Bayesian modeling: Tropical ocean surface winds. J. Amer. Statist. Assoc. 96 382-397.
MR1939342

WILSON, A., RAPPOLD, A. G., NEAS, L. M. and REICH, B. J. (2014). Modeling the effect of
temperature on ozone-related mortality. Ann. Appl. Stat. 8 1728-1749. MR3271351

WORLD HEALTH ORGANIZATION (2005). WHO Air Quality Guidelines for Paticularte Matter,
Ozone, Nitrogen Dioxide and Sulfur Dioxide—-Global Update (WHO/SDE/PHE/OEH/06.02),
World Health Organization.

XU, Y., VIZUETE, W. and SERRE, M. (2012). Characterization of air quality ozone model perfor-
mance using land use regression model: An application in exposure assessment for epidemology
studies. In The 11th Annual CMAS Conference, Chapel Hill, NC.

ZHANG, H. and WANG, Y. (2010). Kriging and cross-validation for massive spatial data. Environ-
metrics 21 290-304. MR2842244


http://www.ams.org/mathscinet-getitem?mr=2134116
http://www.ams.org/mathscinet-getitem?mr=2655658
http://www.ams.org/mathscinet-getitem?mr=3299397
http://www.ams.org/mathscinet-getitem?mr=2393847
http://www.ams.org/mathscinet-getitem?mr=2668708
http://www.ams.org/mathscinet-getitem?mr=1872059
http://epa.gov/oar/caa/title1.html
http://www.ams.org/mathscinet-getitem?mr=1939342
http://www.ams.org/mathscinet-getitem?mr=3271351
http://www.ams.org/mathscinet-getitem?mr=2842244

The Annals of Applied Statistics

2016, Vol. 10, No. 2, 786-811

DOI: 10.1214/16-AOAS909

© Institute of Mathematical Statistics, 2016

A BAYESIAN GRAPHICAL MODEL FOR GENOME-WIDE
ASSOCIATION STUDIES (GWAS)!

BY LAURENT BRIOLLAIS* ", ADRIAN DOBRA¥, JINNAN LIU*,
MATT FRIEDLANDER*, HILMI OZCELIK* AND HELENE MASSAMS

Lunenfeld-Tanenbaum Research Institute*, University of Toronto’,
University of Washington* and York University

The analysis of GWAS data has long been restricted to simple models
that cannot fully capture the genetic architecture of complex human diseases.
As a shift from standard approaches, we propose here a general statistical
framework for multi-SNP analysis of GWAS data based on a Bayesian graph-
ical model. Our goal is to develop a general approach applicable to a wide
range of genetic association problems, including GWAS and fine-mapping
studies, and, more specifically, be able to: (1) Assess the joint effect of mul-
tiple SNPs that can be linked or unlinked and interact or not; (2) Explore
the multi-SNP model space efficiently using the Mode Oriented Stochastic
Search (MOSS) algorithm and determine the best models. We illustrate our
new methodology with an application to the CGEM breast cancer GWAS
data. Our algorithm selected several SNPs embedded in multi-locus models
with high posterior probabilities. Most of the SNPs selected have a biological
relevance. Interestingly, several of them have never been detected in standard
single-SNP analyses. Finally, our approach has been implemented in the open
source R package genMOSS.
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UNDERSTANDING RESIDENT MOBILITY IN MILAN THROUGH
INDEPENDENT COMPONENT ANALYSIS OF TELECOM ITALIA
MOBILE USAGE DATA

BY PAOLO ZANINI!', HAIPENG SHEN? AND YOUNG TRUONG?

MOX at Politecnico di Milano, University of Hong Kong and University of North
Carolina at Chapel Hill

We consider an urban planning application where Telecom Italia col-
lected mobile-phone traffic data in the metropolitan area of Milan, Italy,
aiming to retrieve meaningful information regarding working, residential,
and mobility activities around the city. The independent component analy-
sis (ICA) framework is used to model underlying spatial activities as spatial
processes on a lattice independent of each other. To incorporate spatial depen-
dence within the spatial sources, we develop a spatial colored ICA (scICA)
method. The method models spatial dependence within each source in the
frequency domain, exploiting the power of Whittle likelihood and local linear
log-spectral density estimation. An iterative algorithm is derived to estimate
the model parameters through maximum Whittle likelihood. We then apply
scICA to the Italian mobile traffic application.
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MULTILEVEL MODELING OF INSURANCE CLAIMS USING
COPULAS
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In property-casualty insurance, claims management is featured with the
modeling of a semi-continuous insurance cost associated with individual risk
transfer. This practice is further complicated by the multilevel structure of
the insurance claims data, where a contract often contains a group of policy-
holders, each policyholder is insured under multiple types of coverage, and
the contract is repeatedly observed over time. The data hierarchy introduces
a complex dependence structure among claims and leads to diversification in
the insurer’s liability portfolio.

To capture the unique features of policy-level insurance costs, we propose
a copula regression for the multivariate longitudinal claims. In the model, the
Tweedie double generalized linear model is employed to examine the semi-
continuous claim cost of each coverage type, and a Gaussian copula is speci-
fied to accommodate the cross-sectional and temporal dependence among the
multilevel claims. Estimation and inference is based on the composite like-
lihood approach and the properties of parameter estimates are investigated
through simulation studies. When applied to a portfolio of personal auto-
mobile policies from a Canadian insurer, we show that the proposed copula
model provides valuable insights to an insurer’s claims management process.
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LEVEL-SCREENING DESIGNS FOR FACTORS WITH
MANY LEVELS

By PHILIP J. BROWN AND MARTIN S. RIDOUT
University of Kent

We consider designs for f factors each at m levels, where f is small
but m is large. Main effect designs with mf experimental points are pre-
sented. For two factors, two types of designs are investigated, termed saw-
tooth and dumbbell designs, based on a graphical representation. For three
factors, cyclic sawtooth designs are considered. The paper seeks optimal and
near optimal designs which involve factors with many levels but few observa-
tions. It also investigates issues of robustness when as much as one third of the
data is structurally missing. An important area of application is in screening
for drug discovery and we compare our designs with others using a published
data set with two factors each with fifty levels, where the dumbbell design
outperforms others and is an example of an inherently unbalanced design
dominating more balanced designs.
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A BAYESIAN HIERARCHICAL SPATIAL MODEL FOR DENTAL
CARIES ASSESSMENT USING NON-GAUSSIAN MARKOV
RANDOM FIELDS!

BY Ick HOON JIN, YING YUAN AND DIPANKAR BANDYOPADHYAY

University of Notre Dame, University of Texas and
Virginia Commonwealth University

Research in dental caries generates data with two levels of hierarchy: that
of a tooth overall and that of the different surfaces of the tooth. The outcomes
often exhibit spatial referencing among neighboring teeth and surfaces, that
is, the disease status of a tooth or surface might be influenced by the status of
a set of proximal teeth/surfaces. Assessments of dental caries (tooth decay)
at the tooth level yield binary outcomes indicating the presence/absence of
teeth, and trinary outcomes at the surface level indicating healthy, decayed
or filled surfaces. The presence of these mixed discrete responses compli-
cates the data analysis under a unified framework. To mitigate complications,
we develop a Bayesian two-level hierarchical model under suitable (spatial)
Markov random field assumptions that accommodates the natural hierarchy
within the mixed responses. At the first level, we utilize an autologistic model
to accommodate the spatial dependence for the tooth-level binary outcomes.
For the second level and conditioned on a tooth being nonmissing, we utilize
a Potts model to accommodate the spatial referencing for the surface-level tri-
nary outcomes. The regression models at both levels were controlled for plau-
sible covariates (risk factors) of caries and remain connected through shared
parameters. To tackle the computational challenges in our Bayesian estima-
tion scheme caused due to the doubly-intractable normalizing constant, we
employ a double Metropolis—Hastings sampler. We compare and contrast our
model performances to the standard nonspatial (naive) model using a small
simulation study, and illustrate via an application to a clinical dataset on den-
tal caries.
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A BAYESIAN APPROACH TO THE SEMIPARAMETRIC
ESTIMATION OF A MINIMUM INHIBITORY
CONCENTRATION DISTRIBUTION!

BY STUN JASPERS*2, PHILIPPE LAMBERT " AND MARC AERTS*

Hasselt University,* Université de Liége' and Institut de Statistique,
Biostatistique et Sciences Actuarielles (ISBA), Université Catholique de Louvain*

Bacteria that have developed a reduced susceptibility against antimicro-
bials pose a major threat to public health. Hence, monitoring their distribu-
tion in the general population is of major importance. This monitoring is per-
formed based on minimum inhibitory concentration (MIC) values, which are
collected through dilution experiments. We present a semiparametric mixture
model to estimate the MIC density on the full continuous scale. The wild-type
first component is assumed to be of a parametric form, while the nonwild-type
second component is modelled nonparametrically using Bayesian P-splines
combined with the composite link model. A Metropolis within Gibbs strat-
egy was used to draw a sample from the joint posterior. The newly developed
method was applied to a specific bacterium—antibiotic combination, that is,
Escherichia coli tested against ampicillin. After obtaining an estimate for the
entire density, model-based classification can be performed to check whether
or not an isolate belongs to the wild-type subpopulation. The performance of
the new method, compared to two existing competitors, is assessed through a
small simulation study.
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UNMIXING RASCH SCALES: HOW TO SCORE
AN EDUCATIONAL TEST
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Utrecht University*, CITO Dutch Institute for Educational Measurement'
and University of Amsterdam*

One of the important questions in the practice of educational testing is
how a particular test should be scored. In this paper we consider what an
appropriate simple scoring rule should be for the Dutch as a second language
test consisting of listening and reading items. As in many other applications,
here the Rasch model which allows to score the test with a simple sumscore
is too restrictive to adequately represent the data. In this study we propose
an exploratory algorithm which clusters the items into subscales each fitting
a Rasch model and thus provides a scoring rule based on observed data. The
scoring rule produces either a weighted sumscore based on equal weights
within each subscale or a set of sumscores (one for each of the subscales). An
MCMC algorithm which enables to determine the number of Rasch scales
constituting the test and to unmix these scales is introduced and evaluated
in simulations. Using the results of unmixing, we conclude that the Dutch
language test can be scored with a weighted sumscore with three different
weights.
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One of the most common analysis tasks in genomic research is to iden-
tify genes that are differentially expressed (DE) between experimental condi-
tions. Empirical Bayes (EB) statistical tests using moderated genewise vari-
ances have been very effective for this purpose, especially when the number
of biological replicate samples is small. The EB procedures can, however, be
heavily influenced by a small number of genes with very large or very small
variances. This article improves the differential expression tests by robustify-
ing the hyperparameter estimation procedure. The robust procedure has the
effect of decreasing the informativeness of the prior distribution for outlier
genes while increasing its informativeness for other genes. This effect has
the double benefit of reducing the chance that hypervariable genes will be
spuriously identified as DE while increasing statistical power for the main
body of genes. The robust EB algorithm is fast and numerically stable. The
procedure allows exact small-sample null distributions for the test statistics
and reduces exactly to the original EB procedure when no outlier genes are
present. Simulations show that the robustified tests have similar performance
to the original tests in the absence of outlier genes but have greater power
and robustness when outliers are present. The article includes case studies for
which the robust method correctly identifies and downweights genes associ-
ated with hidden covariates and detects more genes likely to be scientifically
relevant to the experimental conditions. The new procedure is implemented
in the limma software package freely available from the Bioconductor repos-

itory.

REFERENCES

BALDI, P. and LONG, A. D. (2001). A Bayesian framework for the analysis of microarray expression
data: Regularized t-test and statistical inferences of gene changes. Bioinformatics 17 509-519.
BARLOW, R. E., BARTHOLOMEW, D. J., BREMNER, J. M. and BRUNK, H. D. (1972). Statistical
Inference Under Order Restrictions. Wiley, London. MR0326887

BENJAMINI, Y. and HOCHBERG, Y. (1995). Controlling the false discovery rate: A practical and
powerful approach to multiple testing. J. R. Stat. Soc. Ser. B. Stat. Methodol. 57 289-300.
MR1325392

BERGER, J. O. (1984). The robust Bayesian viewpoint. In Robustness of Bayesian Analyses
(J. Kadane, ed.). Stud. Bayesian Econometrics 4 63—144. North-Holland, Amsterdam. With com-
ments and with a reply by the author. MR0785367

Key words and phrases. Empirical Bayes, outliers, robustness, gene expression, microarrays.


http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/16-AOAS920
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0326887
http://www.ams.org/mathscinet-getitem?mr=1325392
http://www.ams.org/mathscinet-getitem?mr=0785367

BERGER, J. O. (1990). Robust Bayesian analysis: Sensitivity to the prior. J. Statist. Plann. Inference
25 303-328. MR1064429

BOLSTAD, B. M., IRIZARRY, R. A., ASTRAND, M. and SPEED, T. P. (2003). A comparison of
normalization methods for high density oligonucleotide array data based on variance and bias.
Bioinformatics 19 185-193.

BRENT, R. P. (1973). Algorithms for Minimization Without Derivatives. Prentice-Hall, Englewood
Cliffs, NJ.

CASELLA, G. (1985). An introduction to empirical Bayes data analysis. Amer. Statist. 39 83-87.
MRO0789118

CHEN, Y., LUN, A. T. L. and SMYTH, G. K. (2014). Differential expression analysis of complex
RNA-seq experiments using edgeR. In Statistical Analysis of Next Generation Sequence Data
(S. Datta and D. S. Nettleton, eds.) 51-74. Springer, New York.

CLEVELAND, W. S. (1979). Robust locally weighted regression and smoothing scatterplots. J. Amer.
Statist. Assoc. 74 829-836. MR0556476

EFRON, B. and MORRIS, C. (1972). Limiting the risk of Bayes and empirical Bayes estimators. II.
The empirical Bayes case. J. Amer. Statist. Assoc. 67 130-139. MR0323015

EFRON, B. and MORRIS, C. (1973). Stein’s estimation rule and its competitors—An empirical Bayes
approach. J. Amer. Statist. Assoc. 68 117-130. MR0388597

GAVER, D. P. and O’MUIRCHEARTAIGH, I. G. (1987). Robust empirical Bayes analyses of event
rates. Technometrics 29 1-15. MR0876882

GOOD-JACOBSON, K. L., CHEN, Y., Voss, A. K., SMYTH, G. K., THOMAS, T. and TARLIN-
TON, D. (2014). Regulation of germinal center responses and B-cell memory by the chromatin
modifier MOZ. Proc. Natl. Acad. Sci. USA 111 9585-9590.

GOTTARDO, R., RAFTERY, A. E., YEUNG, K. Y. and BUMGARNER, R. E. (2006). Bayesian robust
inference for differential gene expression in microarrays with multiple samples. Biometrics 62
10-18. MR2226551

INSUA, D. R. and RUGGERI, F., eds. (2000). Robust Bayesian Analysis. Lecture Notes in Statistics
152. Springer, New York. MR1795206

JEANMOUGIN, M., DE REYNIES, A., MARISA, L., PACCARD, C., NUEL, G. and GUEDJ, M.
(2010). Should we abandon the t-test in the analysis of gene expression microarray data: A com-
parison of variance modeling strategies. PLoS ONE 5 €12336.

J1, H. and L1U, X. S. (2010). Analyzing ’omics data using hierarchical models. Nature Biotechnol-
ogy 28 337.

KOOPERBERG, C., ARAGAKI, A., STRAND, A. D. and OLSON, J. M. (2005). Significance testing
for small microarray experiments. Stat. Med. 24 2281-2298. MR2151706

LAw, C. W., CHEN, Y., SHI, W. and SMYTH, G. K. (2014). Voom: Precision weights unlock linear
model analysis tools for RNA-seq read counts. Genome Biology 15 R29.

LiAo, J. G., MCMURRY, T. and BERG, A. (2014). Prior robust empirical Bayes inference for large-
scale data by conditioning on rank with application to microarray data. Biostatistics 15 60-73.
LuN, A. T. L., CHEN, Y. and SMYTH, G. K. (2016). It’s DE-licious: A recipe for differential
expression analyses of RNA-seq experiments using quasi-likelihood methods in edgeR. Methods

in Molecular Biology 1418 391-416.

LuN, A. T. L. and SMYTH, G. K. (2015a). diffHic: A bioconductor package to detect differential
genomic interactions in Hi-C data. BMC Bioinformatics 16 258.

LuUN, A. T. L. and SMYTH, G. K. (2015b). From reads to regions: A Bioconductor workflow to
detect differential binding in ChIP-seq data. F1000Research 4 1080.

LuN, A. T. L. and SMYTH, G. K. (2016). csaw: A bioconductor package for differential binding
analysis of ChIP-seq data using sliding windows. Nucleic Acids Res. 44 e45.

MAJEWSKI, 1. J., BLEWITT, M. E., DE GRAAF, C. A., McMANUS, E. J., BAHLO, M.,
HILTON, A. A., HYLAND, C. D., SMYTH, G. K., CORBIN, J. E., METCALF, D. et al. (2008).


http://www.ams.org/mathscinet-getitem?mr=1064429
http://www.ams.org/mathscinet-getitem?mr=0789118
http://www.ams.org/mathscinet-getitem?mr=0556476
http://www.ams.org/mathscinet-getitem?mr=0323015
http://www.ams.org/mathscinet-getitem?mr=0388597
http://www.ams.org/mathscinet-getitem?mr=0876882
http://www.ams.org/mathscinet-getitem?mr=2226551
http://www.ams.org/mathscinet-getitem?mr=1795206
http://www.ams.org/mathscinet-getitem?mr=2151706

Polycomb repressive complex 2 (PRC2) restricts hematopoietic stem cell activity. PLOS Biology
6 ¢93.

MAJEWSKI, I. J., RITCHIE, M. E., PHIPSON, B., CORBIN, J., PAKUSCH, M., EBERT, A., BUS-
SLINGER, M., KOSEKI, H., HU, Y., SMYTH, G. K. et al. (2010). Opposing roles of polycomb
repressive complexes in hematopoietic stem and progenitor cells. Blood 116 731-739.

MCCARTHY, D. J. and SMYTH, G. K. (2009). Testing significance relative to a fold-change thresh-
old is a TREAT. Bioinformatics 25 765-771.

MOoRRIS, C. N. (1983). Parametric empirical Bayes inference: Theory and applications. J. Amer.
Statist. Assoc. 78 47-65. With discussion. MR0696849

MURIE, C., WooDY, O., LEE, A. Y. and NADON, R. (2009). Comparison of small » statistical tests
of differential expression applied to microarrays. BMC Bioinformatics 10 45.

PHIPSON, B., LEE, S., MAJEWSKI, I. J., ALEXANDER, W. S. and SMYTH, G. K. (2016). Supple-
ment to “Robust hyperparameter estimation protects against hypervariable genes and improves
power to detect differential expression.” DOI:10.1214/16-AOAS920SUPP.

PICKRELL, J. K., MARIONI, J. C., PAal, A. A., DEGNER, J. F., ENGELHARDT, B. E.,
NKADORI, E., VEYRIERAS, J.-B., STEPHENS, M., GILAD, Y. and PRITCHARD, J. K. (2010a).
Understanding mechanisms underlying human gene expression variation with RNA sequencing.
Nature 464 768-772.

PICKRELL, J. K., PAI, A. A., GILAD, Y. and PRITCHARD, J. K. (2010b). Noisy splicing drives
mRNA isoform diversity in human cells. PLoS Genet. 6 €1001236.

RITCHIE, M. E., PHIPSON, B., WU, D., Hu, Y., LAw, C. W., SHI, W. and SMYTH, G. K. (2015).
limma powers differential expression analyses for RNA-sequencing and microarray studies. Nu-
cleic Acids Res. 43 e47.

ROBINSON, M. D., MCCARTHY, D. J. and SMYTH, G. K. (2010). edgeR: A bioconductor package
for differential expression analysis of digital gene expression data. Bioinformatics 26 139-140.

SARTOR, M. A., TOMLINSON, C. R., WESSELKAMPER, S. C., SIVAGANESAN, S,
LEIKAUF, G. D. and MEDVEDOVIC, M. (2006). Intensity-based hierarchical Bayes method im-
proves testing for differentially expressed genes in microarray experiments. BMC Bioinformatics
7 538.

SHEIKH, B. N., DOWNER, N. L., PHIPSON, B., VANYAI, H. K., KUEH, A. J., MCCARTHY, D. J.,
SMYTH, G. K., THOMAS, T. and Voss, A. K. (2015). MOZ and BMI1 play opposing roles
during Hox gene activation in ES cells and in body segment identity specification in vivo. Proc.
Natl. Acad. Sci. USA 112 5437-5442.

SHI, W., OSHLACK, A. and SMYTH, G. K. (2010). Optimizing the noise versus bias trade-off for
Illumina whole genome expression BeadChips. Nucleic Acids Res. 38 e204.

SMYTH, G. K. (2004). Linear models and empirical Bayes methods for assessing differential ex-
pression in microarray experiments. Stat. Appl. Genet. Mol. Biol. 3 Article 3. MR2101454

TUKEY, J. W. (1962). The future of data analysis. Ann. Math. Stat. 33 1-67. MR0133937

WRIGHT, G. W. and SIMON, R. M. (2003). A random variance model for detection of differential
gene expression in small microarray experiments. Bioinformatics 19 2448-2455.

ZHOU, X., LINDSAY, H. and ROBINSON, M. D. (2014). Robustly detecting differential expression
in RNA sequencing data using observation weights. Nucleic Acids Res. 42 €91.


http://www.ams.org/mathscinet-getitem?mr=0696849
http://dx.doi.org/10.1214/16-AOAS920SUPP
http://www.ams.org/mathscinet-getitem?mr=2101454
http://www.ams.org/mathscinet-getitem?mr=0133937

The Annals of Applied Statistics

2016, Vol. 10, No. 2, 964-988

DOI: 10.1214/16-A0AS923

© Institute of Mathematical Statistics, 2016
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The use of water quality indicators is of crucial importance to identify
risks to the environment, society and human health. In particular, the Chloro-
phyll type A (Chl-a) is a shared indicator of trophic status and for monitoring
activities it may be useful to discover local dangerous behaviours (for exam-
ple, the anoxic events). In this paper we consider a comprehensive data set,
covering the whole Adriatic Sea, derived from Ocean Colour satellite data,
during the period 2002-2012, with the aim of identifying homogeneous ar-
eas. Such zonation is becoming extremely relevant for the implementation of
European policies, such the Marine Strategy Framework Directive. As an al-
ternative to clustering based on an “average” value over the whole period, we
propose a new clustering procedure for the time series. The procedure shares
some similarities with the functional data clustering and combines nonpara-
metric quantile regression with an agglomerative clustering algorithm. This
approach permits to take into account some features of the time series as
nonstationarity in the marginal distribution and the presence of missing data.
A small simulation study is also presented for illustrating the relative merits
of the procedure.
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Modeling and estimation of correlation coefficients is a fundamental step
in risk management, especially with the aftermath of the financial crisis in
2008, which challenged the traditional measuring of dependence in the fi-
nancial market. Because of the serial dependence and small signal-to-noise
ratio, patterns of the dependence in the data cannot be easily detected and
modeled. This paper introduces a common factor analysis into the condi-
tional correlation coefficients to extract the features of dependence. While
statistical properties are thoroughly derived, extensive empirical analysis pro-
vides us with common patterns for the conditional correlation coefficients
that give new insight into a number of important questions in financial data,
especially the asymmetry of cross-correlations and the factors that drive the
cross-correlations.
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One important problem in microbiome analysis is to identify the bacterial
taxa that are associated with a response, where the microbiome data are sum-
marized as the composition of the bacterial taxa at different taxonomic levels.
This paper considers regression analysis with such compositional data as co-
variates. In order to satisfy the subcompositional coherence of the results,
linear models with a set of linear constraints on the regression coefficients
are introduced. Such models allow regression analysis for subcompositions
and include the log-contrast model for compositional covariates as a special
case. A penalized estimation procedure for estimating the regression coeffi-
cients and for selecting variables under the linear constraints is developed.
A method is also proposed to obtain debiased estimates of the regression co-
efficients that are asymptotically unbiased and have a joint asymptotic mul-
tivariate normal distribution. This provides valid confidence intervals of the
regression coefficients and can be used to obtain the p-values. Simulation
results show the validity of the confidence intervals and smaller variances of
the debiased estimates when the linear constraints are imposed. The proposed
methods are applied to a gut microbiome data set and identify four bacterial
genera that are associated with the body mass index after adjusting for the
total fat and caloric intakes.
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We propose a spatially-explicit approach for modeling genetic variation
across space and illustrate how this approach can be used to optimize spa-
tial prediction and sampling design for landscape genetic data. We propose a
multinomial data model for categorical microsatellite allele data commonly
used in landscape genetic studies, and introduce a latent spatial random ef-
fect to allow for spatial correlation between genetic observations. We illus-
trate how modern dimension reduction approaches to spatial statistics can
allow for efficient computation in landscape genetic statistical models cover-
ing large spatial domains. We apply our approach to propose a retrospective
spatial sampling design for greater sage-grouse (Centrocercus urophasianus)
population genetics in the western United States.
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AN IMPUTATION APPROACH FOR HANDLING MIXED-MODE
SURVEYS

BY SEUNGHWAN PARK!, JAE KWANG KIM? AND SANGUN PARK?
Seoul National University, lowa State University and Yonsei University

Mixed-mode surveys are becoming more popular recently because of
their convenience for users, but different mode effects can complicate the
comparability of the survey results. Motivated by the Private Education Ex-
penditure Survey (PEES) of Korea, we propose a novel application of frac-
tional imputation to handle mixed-mode survey data. The proposed method
is applied to create imputed values of the unobserved counterfactual outcome
variables in the mixed-mode surveys. The proposed method is directly appli-
cable when the choice of survey mode is self-selected. Variance estimation
using Taylor linearization is developed. Results from a limited simulation
study are also presented.
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HOW STRONG IS STRONG ENOUGH? STRENGTHENING
INSTRUMENTS THROUGH MATCHING AND WEAK
INSTRUMENT TESTS

BY LUKE KEELE AND JASON W. MORGAN
Georgetown University and Ohio State University

In a natural experiment, treatment assignments are made through a hap-
hazard process that is thought to be as-if random. In one form of the natural
experiment, encouragement to accept treatment rather than treatments them-
selves are assigned in this haphazard process. This encouragement to accept
treatment is often referred to as an instrument. Instruments can be character-
ized by different levels of strength depending on the amount of encourage-
ment. Weak instruments that provide little encouragement may produce bi-
ased inferences, particularly when assignment of the instrument is not strictly
randomized. A specialized matching algorithm can be used to strengthen in-
struments by selecting a subset of matched pairs where encouragement is
strongest. We demonstrate how weak instrument tests can guide the match-
ing process to ensure that the instrument has been sufficiently strengthened.
Specifically, we combine a matching algorithm for strengthening instruments
and weak instrument tests in the context of a study of whether turnout in-
fluences party vote share in US elections. It is thought that when turnout is
higher, Democratic candidates will receive a higher vote share. Using excess
rainfall as an instrument, we hope to observe an instance where unusually wet
weather produces lower turnout in an as-if random fashion. Consistent with
statistical theory, we find that strengthening the instrument reduces sensitivity
to bias from an unobserved confounder.
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Variable-intensity astronomical sources are the result of complex and of-
ten extreme physical processes. Abrupt changes in source intensity are typi-
cally accompanied by equally sudden spectral shifts, that is, sudden changes
in the wavelength distribution of the emission. This article develops a method
for modeling photon counts collected from observation of such sources. We
embed change points into a marked Poisson process, where photon wave-
lengths are regarded as marks and both the Poisson intensity parameter and
the distribution of the marks are allowed to change. To the best of our knowl-
edge, this is the first effort to embed change points into a marked Poisson
process. Between the change points, the spectrum is modeled nonparamet-
rically using a mixture of a smooth radial basis expansion and a number of
local deviations from the smooth term representing spectral emission lines.
Because the model is over-parameterized, we employ an £ penalty. The tun-
ing parameter in the penalty and the number of change points are determined
via the minimum description length principle. Our method is validated via a
series of simulation studies and its practical utility is illustrated in the analysis
of the ultra-fast rotating yellow giant star known as FK Com.
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