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MODELING SEA-LEVEL CHANGE USING ERRORS-IN-VARIABLES
INTEGRATED GAUSSIAN PROCESSES1

BY NIAMH CAHILL∗, ANDREW C. KEMP†, BENJAMIN P. HORTON‡,§

AND ANDREW C. PARNELL∗

University College Dublin∗, Tufts University†, Rutgers University‡

and Nanyang Technological University§

We perform Bayesian inference on historical and late Holocene (last
2000 years) rates of sea-level change. The input data to our model are tide-
gauge measurements and proxy reconstructions from cores of coastal sedi-
ment. These data are complicated by multiple sources of uncertainty, some of
which arise as part of the data collection exercise. Notably, the proxy recon-
structions include temporal uncertainty from dating of the sediment core us-
ing techniques such as radiocarbon. The model we propose places a Gaussian
process prior on the rate of sea-level change, which is then integrated and set
in an errors-in-variables framework to take account of age uncertainty. The
resulting model captures the continuous and dynamic evolution of sea-level
change with full consideration of all sources of uncertainty. We demonstrate
the performance of our model using two real (and previously published) ex-
ample data sets. The global tide-gauge data set indicates that sea-level rise
increased from a rate with a posterior mean of 1.13 mm/yr in 1880 AD (0.89
to 1.28 mm/yr 95% credible interval for the posterior mean) to a posterior
mean rate of 1.92 mm/yr in 2009 AD (1.84 to 2.03 mm/yr 95% credible in-
terval for the posterior mean). The proxy reconstruction from North Carolina
(USA) after correction for land-level change shows the 2000 AD rate of rise
to have a posterior mean of 2.44 mm/yr (1.91 to 3.01 mm/yr 95% credible
interval). This is unprecedented in at least the last 2000 years.
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SEX, LIES AND SELF-REPORTED COUNTS: BAYESIAN MIXTURE
MODELS FOR HEAPING IN LONGITUDINAL COUNT DATA VIA

BIRTH–DEATH PROCESSES1

BY FORREST W. CRAWFORD2,∗, ROBERT E. WEISS3,†

AND MARC A. SUCHARD4,†,‡

Yale School of Public Health∗, UCLA Fielding School of Public Health†

and David Geffen School of Medicine at UCLA‡

Surveys often ask respondents to report nonnegative counts, but respon-
dents may misremember or round to a nearby multiple of 5 or 10. This phe-
nomenon is called heaping, and the error inherent in heaped self-reported
numbers can bias estimation. Heaped data may be collected cross-sectionally
or longitudinally and there may be covariates that complicate the inferential
task. Heaping is a well-known issue in many survey settings, and inference
for heaped data is an important statistical problem. We propose a novel re-
porting distribution whose underlying parameters are readily interpretable as
rates of misremembering and rounding. The process accommodates a variety
of heaping grids and allows for quasi-heaping to values nearly but not equal
to heaping multiples. We present a Bayesian hierarchical model for longitu-
dinal samples with covariates to infer both the unobserved true distribution of
counts and the parameters that control the heaping process. Finally, we apply
our methods to longitudinal self-reported counts of sex partners in a study of
high-risk behavior in HIV-positive youth.

REFERENCES

BAILEY, N. T. J. (1964). The Elements of Stochastic Processes with Applications to the Natural
Sciences. Wiley, New York. MR0165572

BAR, H. Y. and LILLARD, D. R. (2012). Accounting for heaping in retrospectively reported event
data—A mixture-model approach. Stat. Med. 31 3347–3365. MR3041816

BROWN, R. A., BURGESS, E. S., SALES, S. D., WHITELEY, J. A., EVANS, D. M. and
MILLER, I. W. (1998). Reliability and validity of a smoking timeline follow-back interview.
Psychology of Addictive Behaviors 12 101–112.

BROWNING, M., CROSSLEY, T. F. and WEBER, G. (2003). Asking consumption questions in gen-
eral purpose surveys. The Economic Journal 113 F540–F567.

CRAWFORD, F. W., MININ, V. N. and SUCHARD, M. A. (2014). Estimation for general birth–death
processes. J. Amer. Statist. Assoc. 109 730–747. MR3223746

CRAWFORD, F. W. and SUCHARD, M. A. (2012). Transition probabilities for general birth–death
processes with applications in ecology, genetics, and evolution. J. Math. Biol. 65 553–580.
MR2960857

CRAWFORD, F. W., WEISS, R. E. and SUCHARD, M. A. (2015). Supplement to “Sex, lies and self-
reported counts: Bayesian mixture models for heaping in longitudinal count data via birth–death
processes.” DOI:10.1214/15-AOAS809SUPP.

Key words and phrases. Bayesian hierarchical model, coarse data, continuous-time Markov
chain, heaping, mixture model, rounding.

http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/15-AOAS809
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0165572
http://www.ams.org/mathscinet-getitem?mr=3041816
http://www.ams.org/mathscinet-getitem?mr=3223746
http://www.ams.org/mathscinet-getitem?mr=2960857
http://dx.doi.org/10.1214/15-AOAS809SUPP


CROCKETT, A. and CROCKETT, R. (2006). Consequences of data heaping in the British religious
census of 1851. Historical Methods: A Journal of Quantitative and Interdisciplinary History 39
24–46.

FELLER, W. (1971). An Introduction to Probability Theory and Its Applications. Wiley, New York.
FENTON, K. A., JOHNSON, A. M., MCMANUS, S. and ERENS, B. (2001). Measuring sexual be-

haviour: Methodological challenges in survey research. Sexually Transmitted Infections 77 84–92.
GHOSH, P. and TU, W. (2009). Assessing sexual attitudes and behaviors of young women: A joint

model with nonlinear time effects, time varying covariates, and dropouts. J. Amer. Statist. Assoc.
104 474–485. MR2751432

GOLUBJATNIKOV, R., PFISTER, J. and TILLOTSON, T. (1983). Homosexual promiscuity and the
fear of AIDS. The Lancet 322 681.

GRUNWALD, G. K., BRUCE, S. L., JIANG, L., STRAND, M. and RABINOVITCH, N. (2011). A sta-
tistical model for under- or overdispersed clustered and longitudinal count data. Biom. J. 53 578–
594. MR2829179

HEITJAN, D. F. (1989). Inference from grouped continuous data: A review. Statist. Sci. 4 164–179.
HEITJAN, D. F. and RUBIN, D. B. (1990). Inference from coarse data via multiple imputation with

application to age heaping. J. Amer. Statist. Assoc. 85 304–314.
HEITJAN, D. F. and RUBIN, D. B. (1991). Ignorability and coarse data. Ann. Statist. 19 2244–2253.

MR1135174
HOBSON, R. (1976). Properties preserved by some smoothing functions. J. Amer. Statist. Assoc. 71

763–766.
HUTTENLOCHER, J., HEDGES, L. V. and BRADBURN, N. M. (1990). Reports of elapsed time:

Bounding and rounding processes in estimation. Journal of Experimental Psychology: Learning,
Memory, and Cognition 16 196–213.

JACOBSEN, M. and KEIDING, N. (1995). Coarsening at random in general sample spaces and ran-
dom censoring in continuous time. Ann. Statist. 23 774–786. MR1345200

KARLIN, S. and MCGREGOR, J. L. (1957). The differential equations of birth-and-death processes,
and the Stieltjes moment problem. Trans. Amer. Math. Soc. 85 489–546. MR0091566

KLAR, B., PARTHASARATHY, P. R. and HENZE, N. (2010). Zipf and Lerch limit of birth and death
processes. Probab. Engrg. Inform. Sci. 24 129–144. MR2575846

KLOVDAHL, A. S., POTTERAT, J. J., WOODHOUSE, D. E., MUTH, J. B., MUTH, S. Q. and DAR-
ROW, W. W. (1994). Social networks and infectious disease: The Colorado Springs study. Social
Science & Medicine 38 79–88.

LANGE, K. (2010). Applied Probability, 2nd ed. Springer, New York. MR2680838
LEE, J., WEISS, R. E. and SUCHARD, M. A. (2014). Using a birth–death process to account for

reporting errors in longitudinal self-reported counts of behavior. Available at arXiv:1410.6870.
LINDLEY, D. V. (1950). Grouping corrections and maximum likelihood equations. Math. Proc. Cam-

bridge Philos. Soc. 46 106–110. MR0032141
MCLAIN, A. C., SUNDARAM, R., THOMA, M., LOUIS, B. and GERMAINE, M. (2014). Semi-

parametric modeling of grouped current duration data with preferential reporting. Stat. Med. 33
3961–3972. MR3261055

MURPHY, J. A. and O’DONOHOE, M. R. (1975). Some properties of continued fractions with ap-
plications in Markov processes. J. Inst. Math. Appl. 16 57–71. MR0393922

MYERS, R. J. (1954). Accuracy of age reporting in the 1950 United States census. J. Amer. Statist.
Assoc. 49 826–831.

MYERS, R. J. (1976). An instance of reverse heaping of ages. Demography 13 577–580.
NOVOZHILOV, A. S., KAREV, G. P. and KOONIN, E. V. (2006). Biological applications of the

theory of birth-and-death processes. Brief. Bioinformatics 7 70–85.
RENSHAW, E. (2011). Stochastic Population Processes: Analysis, Approximations, Simulations. Ox-

ford Univ. Press, Oxford. MR2865609

http://www.ams.org/mathscinet-getitem?mr=2751432
http://www.ams.org/mathscinet-getitem?mr=2829179
http://www.ams.org/mathscinet-getitem?mr=1135174
http://www.ams.org/mathscinet-getitem?mr=1345200
http://www.ams.org/mathscinet-getitem?mr=0091566
http://www.ams.org/mathscinet-getitem?mr=2575846
http://www.ams.org/mathscinet-getitem?mr=2680838
http://arxiv.org/abs/arXiv:1410.6870
http://www.ams.org/mathscinet-getitem?mr=0032141
http://www.ams.org/mathscinet-getitem?mr=3261055
http://www.ams.org/mathscinet-getitem?mr=0393922
http://www.ams.org/mathscinet-getitem?mr=2865609


ROBERTS, J. M. JR. and BREWER, D. D. (2001). Measures and tests of heaping in discrete quanti-
tative distributions. J. Appl. Stat. 28 887–896. MR1863441

ROTHERAM-BORUS, M. J., LEE, M. B., MURPHY, D. A., FUTTERMAN, D., DUAN, N., BIRN-
BAUM, J. M. and LIGHTFOOT, M. (2001). Efficacy of a preventive intervention for youths living
with HIV. American Journal of Public Health 91 400–405.

ROWLAND, M. L. (1990). Self-reported weight and height. Am. J. Clin. Nutr. 52 1125–1133.
SCHAEFFER, N. C. (1999). Asking questions about threatening topics: A selective overview. In The

Science of Self-Report: Implications for Research and Practice (A. A. Stone, C. A. Bachrach,
J. B. Jobe, H. S. Kurtzman and V. S. Cain, eds.). Lawrence Erlbaum Associates, Mahwah, NJ.

SCHNEEWEISS, H. and AUGUSTIN, T. (2006). Some recent advances in measurement error models
and methods. Allg. Stat. Arch. 90 183–197. MR2255581

SCHNEEWEISS, H. and KOMLOS, J. (2009). Probabilistic rounding and Sheppard’s correction. Stat.
Methodol. 6 577–593. MR2565305

SCHNEEWEISS, H., KOMLOS, J. and AHMAD, A. S. (2010). Symmetric and asymmetric rounding:
A review and some new results. AStA Adv. Stat. Anal. 94 247–271. MR2733174

SHEPPARD, W. F. (1897). On the calculation of the most probable values of frequency-constants, for
data arranged according to equidistant division of a scale. Proc. Lond. Math. Soc. (3) 1 353–380.
MR1576445

SINGH, K. K., SUCHINDRAN, C. M. and SINGH, R. S. (1994). Smoothed breastfeeding durations
and waiting time to conception. Biodemography and Social Biology 41 229–239.

STOCKWELL, E. G. and WICKS, J. W. (1974). Age heaping in recent national censuses. Biodemog-
raphy and Social Biology 21 163–167.

TALLIS, G. M. (1967). Approximate maximum likelihood estimates from grouped data. Technomet-
rics 9 599–606. MR0224201

WANG, H. and HEITJAN, D. F. (2008). Modeling heaping in self-reported cigarette counts. Stat.
Med. 27 3789–3804. MR2526609

WANG, H., SHIFFMAN, S., GRIFFITH, S. D. and HEITJAN, D. F. (2012). Truth and memory: Link-
ing instantaneous and retrospective self-reported cigarette consumption. Ann. Appl. Stat. 6 1689–
1706. MR3058680

WEINHARDT, L. S., FORSYTH, A. D., CAREY, M. P., JAWORSKI, B. C. and DURANT, L. E.
(1998). Reliability and validity of self-report measures of HIV-related sexual behavior: Progress
since 1990 and recommendations for research and practice. Archives of Sexual Behavior 27 155–
180.

WESTOFF, C. F. (1974). Coital frequency and contraception. Family Planning Perspectives 6 136–
141.

WIEDERMAN, M. W. (1997). The truth must be in here somewhere: Examining the gender discrep-
ancy in self-reported lifetime number of sex partners. Journal of Sex Research 34 375–386.

WRIGHT, D. E. and BRAY, I. (2003). A mixture model for rounded data. The Statistician 52 3–13.
MR1973879

http://www.ams.org/mathscinet-getitem?mr=1863441
http://www.ams.org/mathscinet-getitem?mr=2255581
http://www.ams.org/mathscinet-getitem?mr=2565305
http://www.ams.org/mathscinet-getitem?mr=2733174
http://www.ams.org/mathscinet-getitem?mr=1576445
http://www.ams.org/mathscinet-getitem?mr=0224201
http://www.ams.org/mathscinet-getitem?mr=2526609
http://www.ams.org/mathscinet-getitem?mr=3058680
http://www.ams.org/mathscinet-getitem?mr=1973879


The Annals of Applied Statistics
2015, Vol. 9, No. 2, 597–620
DOI: 10.1214/15-AOAS811
© Institute of Mathematical Statistics, 2015

REGRESSION BASED PRINCIPAL COMPONENT ANALYSIS FOR
SPARSE FUNCTIONAL DATA WITH APPLICATIONS TO

SCREENING GROWTH PATHS

BY WENFEI ZHANG AND YING WEI

Columbia University

Growth charts are widely used in pediatric care for assessing childhood
body size measurements (e.g., height or weight). The existing growth charts
screen one body size at a single given age. However, when a child has multi-
ple measures over time and exhibits a growth path, how to assess those mea-
sures jointly in a rigorous and quantitative way remains largely undeveloped
in the literature. In this paper, we develop a new method to construct growth
charts for growth paths. A new estimation algorithm using alternating regres-
sions is developed to obtain principal component representations of growth
paths (sparse functional data). The new algorithm does not rely on strong dis-
tribution assumptions and is computationally robust and easily incorporates
subject level covariates, such as parental information. Simulation studies are
conducted to investigate the performance of our proposed method, including
comparisons to existing methods. When the proposed method is applied to
monitor the puberty growth among a group of Finnish teens, it yields inter-
esting insights.
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A BAYESIAN FEATURE ALLOCATION MODEL
FOR TUMOR HETEROGENEITY

BY JUHEE LEE∗, PETER MÜLLER†,1,
KAMALAKAR GULUKOTA‡ AND YUAN JI‡,§,1

University of California Santa Cruz∗, University of Texas, Austin†,
NorthShore University HealthSystem‡ and University of Chicago§

We develop a feature allocation model for inference on genetic tumor
variation using next-generation sequencing data. Specifically, we record sin-
gle nucleotide variants (SNVs) based on short reads mapped to human refer-
ence genome and characterize tumor heterogeneity by latent haplotypes de-
fined as a scaffold of SNVs on the same homologous genome. For multiple
samples from a single tumor, assuming that each sample is composed of some
sample-specific proportions of these haplotypes, we then fit the observed vari-
ant allele fractions of SNVs for each sample and estimate the proportions of
haplotypes. Varying proportions of haplotypes across samples is evidence of
tumor heterogeneity since it implies varying composition of cell subpopu-
lations. Taking a Bayesian perspective, we proceed with a prior probability
model for all relevant unknown quantities, including, in particular, a prior
probability model on the binary indicators that characterize the latent hap-
lotypes. Such prior models are known as feature allocation models. Specifi-
cally, we define a simplified version of the Indian buffet process, one of the
most traditional feature allocation models. The proposed model allows over-
lapping clustering of SNVs in defining latent haplotypes, which reflects the
evolutionary process of subclonal expansion in tumor samples.
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Although genome-wide association studies (GWAS) have proven pow-
erful for comprehending the genetic architecture of complex traits, they are
challenged by a high dimension of single-nucleotide polymorphisms (SNPs)
as predictors, the presence of complex environmental factors, and longitu-
dinal or functional natures of many complex traits or diseases. To address
these challenges, we propose a high-dimensional varying-coefficient model
for incorporating functional aspects of phenotypic traits into GWAS to for-
mulate a so-called functional GWAS or f GWAS. The Bayesian group lasso
and the associated MCMC algorithms are developed to identify significant
SNPs and estimate how they affect longitudinal traits through time-varying
genetic actions. The model is generalized to analyze the genetic control of
complex traits using subject-specific sparse longitudinal data. The statistical
properties of the new model are investigated through simulation studies. We
use the new model to analyze a real GWAS data set from the Framingham
Heart Study, leading to the identification of several significant SNPs asso-
ciated with age-specific changes of body mass index. The f GWAS model,
equipped with the Bayesian group lasso, will provide a useful tool for genetic
and developmental analysis of complex traits or diseases.
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WAVELET-BASED GENETIC ASSOCIATION ANALYSIS
OF FUNCTIONAL PHENOTYPES ARISING FROM

HIGH-THROUGHPUT SEQUENCING ASSAYS1

BY HEEJUNG SHIM AND MATTHEW STEPHENS

University of Chicago

Understanding how genetic variants influence cellular-level processes
is an important step toward understanding how they influence important
organismal-level traits, or “phenotypes,” including human disease suscepti-
bility. To this end, scientists are undertaking large-scale genetic association
studies that aim to identify genetic variants associated with molecular and
cellular phenotypes, such as gene expression, transcription factor binding,
or chromatin accessibility. These studies use high-throughput sequencing as-
says (e.g., RNA-seq, ChIP-seq, DNase-seq) to obtain high-resolution data
on how the traits vary along the genome in each sample. However, typical
association analyses fail to exploit these high-resolution measurements, in-
stead aggregating the data at coarser resolutions, such as genes, or windows
of fixed length. Here we develop and apply statistical methods that better ex-
ploit the high-resolution data. The key idea is to treat the sequence data as
measuring an underlying “function” that varies along the genome, and then,
building on wavelet-based methods for functional data analysis, test for asso-
ciation between genetic variants and the underlying function. Applying these
methods to identify genetic variants associated with chromatin accessibil-
ity (dsQTLs), we find that they identify substantially more associations than
a simpler window-based analysis, and in total we identify 772 novel dsQTLs
not identified by the original analysis.
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SPATIAL BAYESIAN VARIABLE SELECTION AND GROUPING
FOR HIGH-DIMENSIONAL SCALAR-ON-IMAGE REGRESSION

BY FAN LI∗,1,4, TINGTING ZHANG†,2,4, QUANLI WANG∗,
MARLEN Z. GONZALEZ†, ERIN L. MARESH† AND JAMES A. COAN3,†
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Multi-subject functional magnetic resonance imaging (fMRI) data has
been increasingly used to study the population-wide relationship between hu-
man brain activity and individual biological or behavioral traits. A common
method is to regress the scalar individual response on imaging predictors,
known as a scalar-on-image (SI) regression. Analysis and computation of
such massive and noisy data with complex spatio-temporal correlation struc-
ture is challenging. In this article, motivated by a psychological study on
human affective feelings using fMRI, we propose a joint Ising and Dirichlet
Process (Ising-DP) prior within the framework of Bayesian stochastic search
variable selection for selecting brain voxels in high-dimensional SI regres-
sions. The Ising component of the prior makes use of the spatial information
between voxels, and the DP component groups the coefficients of the large
number of voxels to a small set of values and thus greatly reduces the pos-
terior computational burden. To address the phase transition phenomenon of
the Ising prior, we propose a new analytic approach to derive bounds for the
hyperparameters, illustrated on 2- and 3-dimensional lattices. The proposed
method is compared with several alternative methods via simulations, and is
applied to the fMRI data collected from the KLIFF hand-holding experiment.
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SEMIPARAMETRIC TIME TO EVENT MODELS IN THE
PRESENCE OF ERROR-PRONE, SELF-REPORTED

OUTCOMES—WITH APPLICATION TO
THE WOMEN’S HEALTH INITIATIVE1

BY XIANGDONG GU∗, YUNSHENG MA† AND RAJI BALASUBRAMANIAN∗,2

University of Massachusetts Amherst∗ and
University of Massachusetts Medical School†

The onset of several silent, chronic diseases such as diabetes can be de-
tected only through diagnostic tests. Due to cost considerations, self-reported
outcomes are routinely collected in lieu of expensive diagnostic tests in large-
scale prospective investigations such as the Women’s Health Initiative. How-
ever, self-reported outcomes are subject to imperfect sensitivity and speci-
ficity. Using a semiparametric likelihood-based approach, we present time to
event models to estimate the association of one or more covariates with a
error-prone, self-reported outcome. We present simulation studies to assess
the effect of error in self-reported outcomes with regard to bias in the estima-
tion of the regression parameter of interest. We apply the proposed methods
to prospective data from 152,830 women enrolled in the Women’s Health
Initiative to evaluate the effect of statin use with the risk of incident diabetes
mellitus among postmenopausal women. The current analysis is based on
follow-up through 2010, with a median duration of follow-up of 12.1 years.
The methods proposed in this paper are readily implemented using our freely
available R software package icensmis, which is available at the Comprehen-
sive R Archive Network (CRAN) website.
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BIASED SAMPLING DESIGNS TO IMPROVE RESEARCH
EFFICIENCY: FACTORS INFLUENCING PULMONARY

FUNCTION OVER TIME IN CHILDREN WITH ASTHMA1

BY JONATHAN S. SCHILDCROUT∗, PAUL J. RATHOUZ†, LEILA R. ZELNICK‡,
SHAWN P. GARBETT∗ AND PATRICK J. HEAGERTY‡

Vanderbilt University School of Medicine ∗, University of Wisconsin
School of Medicine and Public Health† and University of

Washington School of Public Health‡

Substudies of the Childhood Asthma Management Program [Control.
Clin. Trials 20 (1999) 91–120; N. Engl. J. Med. 343 (2000) 1054–1063] seek
to identify patient characteristics associated with asthma symptoms and lung
function. To determine if genetic measures are associated with trajectories
of lung function as measured by forced vital capacity (FVC), children in the
primary cohort study retrospectively had candidate loci evaluated. Given par-
ticipant burden and constraints on financial resources, it is often desirable
to target a subsample for ascertainment of costly measures. Methods that
can leverage the longitudinal outcome on the full cohort to selectively mea-
sure informative individuals have been promising, but have been restricted
in their use to analysis of the targeted subsample. In this paper we detail
two multiple imputation analysis strategies that exploit outcome and partially
observed covariate data on the nonsampled subjects, and we characterize
alternative design and analysis combinations that could be used for future
studies of pulmonary function and other outcomes. Candidate predictor (e.g.,
IL10 cytokine polymorphisms) associations obtained from targeted sampling
designs can be estimated with very high efficiency compared to standard de-
signs. Further, even though multiple imputation can dramatically improve
estimation efficiency for covariates available on all subjects (e.g., gender and
baseline age), relatively modest efficiency gains were observed in parameters
associated with predictors that are exclusive to the targeted sample. Our re-
sults suggest that future studies of longitudinal trajectories can be efficiently
conducted by use of outcome-dependent designs and associated full cohort
analysis.
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GOODNESS OF FIT IN NONLINEAR DYNAMICS: MISSPECIFIED
RATES OR MISSPECIFIED STATES?

BY GILES HOOKER1 AND STEPHEN P. ELLNER2

Cornell University

This paper introduces diagnostic tests for the nature of lack of fit in or-
dinary differential equation models (ODEs) proposed for data. We present a
hierarchy of three possible sources of lack of fit: unaccounted-for stochastic
variation, misspecification of functional forms in rate equations, and omis-
sion of dynamic variables in the description of the system. We represent lack
of fit by allowing a parameter vector to vary over time, and propose generic
testing procedures that do not rely on specific alternative models. Instead,
different sources for lack of fit are characterized in terms of nonparametric
relationships among latent variables. The tests are carried out through a com-
bination of residual bootstrap and permutation methods. We demonstrate the
effectiveness of these tests on simulated data and on real data from laboratory
ecological experiments and electro-cardiogram data.
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COVARIANCE PATTERN MIXTURE MODELS FOR THE ANALYSIS
OF MULTIVARIATE HETEROGENEOUS LONGITUDINAL DATA1

BY LAURA ANDERLUCCI AND CINZIA VIROLI

University of Bologna

We propose a novel approach for modeling multivariate longitudinal data
in the presence of unobserved heterogeneity for the analysis of the Health and
Retirement Study (HRS) data. Our proposal can be cast within the framework
of linear mixed models with discrete individual random intercepts; however,
differently from the standard formulation, the proposed Covariance Pattern
Mixture Model (CPMM) does not require the usual local independence as-
sumption. The model is thus able to simultaneously model the heterogeneity,
the association among the responses and the temporal dependence structure.

We focus on the investigation of temporal patterns related to the cognitive
functioning in retired American respondents. In particular, we aim to under-
stand whether it can be affected by some individual socio-economical char-
acteristics and whether it is possible to identify some homogenous groups of
respondents that share a similar cognitive profile. An accurate description of
the detected groups allows government policy interventions to be opportunely
addressed.

Results identify three homogenous clusters of individuals with specific
cognitive functioning, consistent with the class conditional distribution of the
covariates. The flexibility of CPMM allows for a different contribution of
each regressor on the responses according to group membership. In so doing,
the identified groups receive a global and accurate phenomenological charac-
terization.
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WEAKLY SUPERVISED CLUSTERING: LEARNING FINE-GRAINED
SIGNALS FROM COARSE LABELS

BY STEFAN WAGER∗,1, ALEXANDER BLOCKER† AND NIALL CARDIN†

Stanford University∗ and Google, Inc.†

Consider a classification problem where we do not have access to la-
bels for individual training examples, but only have average labels over sub-
populations. We give practical examples of this setup and show how such a
classification task can usefully be analyzed as a weakly supervised clustering
problem. We propose three approaches to solving the weakly supervised clus-
tering problem, including a latent variables model that performs well in our
experiments. We illustrate our methods on an analysis of aggregated elections
data and an industry data set that was the original motivation for this research.

REFERENCES

AGRESTI, A. (2002). Categorical Data Analysis, 2nd ed. Wiley, New York. MR1914507
BISHOP, C. M. (1995). Training with noise is equivalent to Tikhonov regularization. Neural Comput.

7 108–116.
BISHOP, C. M. and NASRABADI, N. M. (2006). Pattern Recognition and Machine Learning.

Springer, New York.
BLEI, D. M., NG, A. Y. and JORDAN, M. I. (2003). Latent Dirichlet allocation. J. Mach. Learn.

Res. 3 993–1022.
BUCKLIN, R. E. and SISMEIRO, C. (2009). Click here for Internet insight: Advances in clickstream

data analysis in marketing. J. Interact. Market 23 35–48.
COPAS, J. B. (1988). Binary regression models for contaminated data. J. Roy. Statist. Soc. Ser. B 50

225–265. MR0964178
DEMPSTER, A. P., LAIRD, N. M. and RUBIN, D. B. (1977). Maximum likelihood from incomplete

data via the EM algorithm. J. Roy. Statist. Soc. Ser. B 39 1–38. MR0501537
EFRON, B. (1983). Estimating the error rate of a prediction rule: Improvement on cross-validation.

J. Amer. Statist. Assoc. 78 316–331. MR0711106
EFRON, B. and TIBSHIRANI, R. (1993). An Introduction to the Bootstrap. CRC press, Boca Raton,

FL.
FRALEY, C., RAFTERY, A. E., MURPHY, T. B. and SCRUCCA, L. (2012). MCLUST version 4 for

R: Normal mixture modeling for model-based clustering, classification, and density estimation.
Technical report.

GORDON, A. D. (1999). Classification. Chapman & Hall, London.
HOFMANN, T. (2001). Unsupervised learning by probabilistic latent semantic analysis. Mach. Learn.

42 177–196.
HUNTER, D. R. and LANGE, K. (2004). A tutorial on MM algorithms. Amer. Statist. 58 30–37.

MR2055509
KÜCK, H. and DE FREITAS, N. (2005). Learning about individuals from group statistics. In Pro-

ceedings of the 21st Conference on Uncertainty in Artificial Intelligence 332–339. AUAI Press,
Arlington, VA.

Key words and phrases. Latent variables model, uncertain class label.

http://www.imstat.org/aoas/
http://dx.doi.org/10.1214/15-AOAS812
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1914507
http://www.ams.org/mathscinet-getitem?mr=0964178
http://www.ams.org/mathscinet-getitem?mr=0501537
http://www.ams.org/mathscinet-getitem?mr=0711106
http://www.ams.org/mathscinet-getitem?mr=2055509


LANGE, K., HUNTER, D. R. and YANG, I. (2000). Optimization transfer using surrogate objective
functions. J. Comput. Graph. Statist. 9 1–59. MR1819865

LEVY, S. (2011). In the Plex: How Google Thinks, Works, and Shapes Our Lives. Simon and Schuster,
New York.

MAGDER, L. S. and HUGHES, J. P. (1997). Logistic regression when the outcome is measured with
uncertainty. American Journal of Epidemiology 146 195–203.

POLITIS, D. N., ROMANO, J. P. and WOLF, M. (1999). Subsampling. Springer, New York.
MR1707286

QUADRIANTO, N., SMOLA, A. J., CAETANO, T. S. and LE, Q. V. (2009). Estimating labels from
label proportions. J. Mach. Learn. Res. 10 2349–2374. MR2563985

RUEPING, S. (2010). SVM classifier estimation from group probabilities. In Proceedings of the 27th
International Conference on Machine Learning 911–918.

SCULLEY, D., MALKIN, R. G., BASU, S. and BAYARDO, R. J. (2009). Predicting bounce rates in
sponsored search advertisements. In Proceedings of the 15th ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining 1325–1334. ACM, New York.

SURDEANU, M., TIBSHIRANI, J., NALLAPATI, R. and MANNING, C. D. (2012). Multi-instance
multi-label learning for relation extraction. In Proceedings of the 2012 Joint Conference on Em-
pirical Methods in Natural Language Processing and Computational Natural Language Learning
455–465. Association for Computational Linguistics, Stroudsburg, PA.

TÄCKSTRÖM, O. and MCDONALD, R. (2011a). Discovering fine-grained sentiment with latent
variable structured prediction models. In Advances in Information Retrieval 368–374. Springer,
Berlin.

TÄCKSTRÖM, O. and MCDONALD, R. (2011b). Semi-supervised latent variable models for
sentence-level sentiment analysis. In Proceedings of the 49th Annual Meeting of the Association
for Computational Linguistics: Human Language Technologies. Short Papers, Volume 2 569–574.
Association for Computational Linguistics, Stroudsburg, PA.

TOUTANOVA, K. and JOHNSON, M. (2007). A Bayesian LDA-based model for semi-supervised
part-of-speech tagging. In Advances in Neural Information Processing Systems 1521–1528. Cur-
ran Associates, Red Hook, NY.

VAN DER MAATEN, L., CHEN, M., TYREE, S. and WEINBERGER, K. Q. (2013). Learning with
marginalized corrupted features. In Proceedings of the 30th International Conference on Machine
Learning 410–418.

WAGER, S., WANG, S. and LIANG, P. (2013). Dropout training as adaptive regularization. In Ad-
vances in Neural Information Processing Systems. Curran Associates, Red Hook, NY.

XING, E. P., JORDAN, M. I., RUSSELL, S. and NG, A. (2002). Distance metric learning with appli-
cation to clustering with side-information. In Advances in Neural Information Processing Systems
505–512. Curran Associates, Red Hook, NY.

XU, G., YANG, S.-H. and LI, H. (2009). Named entity mining from click-through data using weakly
supervised latent Dirichlet allocation. In Proceedings of the 15th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining 1365–1374. ACM, New York.

YASUI, Y., PEPE, M., HSU, L., ADAM, B.-L. and FENG, Z. (2004). Partially supervised learning
using an EM-boosting algorithm. Biometrics 60 199–206. MR2044116

http://www.ams.org/mathscinet-getitem?mr=1819865
http://www.ams.org/mathscinet-getitem?mr=1707286
http://www.ams.org/mathscinet-getitem?mr=2563985
http://www.ams.org/mathscinet-getitem?mr=2044116


The Annals of Applied Statistics
2015, Vol. 9, No. 2, 821–848
DOI: 10.1214/13-AOAS700
© Institute of Mathematical Statistics, 2015

ESTIMATING HETEROGENEOUS GRAPHICAL MODELS FOR
DISCRETE DATA WITH AN APPLICATION TO ROLL

CALL VOTING

BY JIAN GUO∗, JIE CHENG†, ELIZAVETA LEVINA†,1,
GEORGE MICHAILIDIS†,2 AND JI ZHU†,3

Harvard University∗ and University of Michigan†

We consider the problem of jointly estimating a collection of graphical
models for discrete data, corresponding to several categories that share some
common structure. An example for such a setting is voting records of legisla-
tors on different issues, such as defense, energy, and healthcare. We develop a
Markov graphical model to characterize the heterogeneous dependence struc-
tures arising from such data. The model is fitted via a joint estimation method
that preserves the underlying common graph structure, but also allows for
differences between the networks. The method employs a group penalty that
targets the common zero interaction effects across all the networks. We apply
the method to describe the internal networks of the U.S. Senate on several
important issues. Our analysis reveals individual structure for each issue, dis-
tinct from the underlying well-known bipartisan structure common to all cat-
egories which we are able to extract separately. We also establish consistency
of the proposed method both for parameter estimation and model selection,
and evaluate its numerical performance on a number of simulated examples.
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A TWO-STATE MIXED HIDDEN MARKOV MODEL FOR RISKY
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This paper proposes a joint model for longitudinal binary and count out-
comes. We apply the model to a unique longitudinal study of teen driving
where risky driving behavior and the occurrence of crashes or near crashes
are measured prospectively over the first 18 months of licensure. Of scien-
tific interest is relating the two processes and predicting crash and near crash
outcomes. We propose a two-state mixed hidden Markov model whereby the
hidden state characterizes the mean for the joint longitudinal crash/near crash
outcomes and elevated g-force events which are a proxy for risky driving.
Heterogeneity is introduced in both the conditional model for the count out-
comes and the hidden process using a shared random effect. An estimation
procedure is presented using the forward–backward algorithm along with
adaptive Gaussian quadrature to perform numerical integration. The estima-
tion procedure readily yields hidden state probabilities as well as providing
for a broad class of predictors.
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MULTI-SPECIES DISTRIBUTION MODELING USING PENALIZED
MIXTURE OF REGRESSIONS
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Multi-species distribution modeling, which relates the occurrence of
multiple species to environmental variables, is an important tool used by
ecologists for both predicting the distribution of species in a community and
identifying the important variables driving species co-occurrences. Recently,
Dunstan, Foster and Darnell [Ecol. Model. 222 (2011) 955–963] proposed
using finite mixture of regression (FMR) models for multi-species distribu-
tion modeling, where species are clustered based on their environmental re-
sponse to form a small number of “archetypal responses.” As an illustrative
example, they applied their mixture model approach to a presence–absence
data set of 200 marine organisms, collected along the Great Barrier Reef
in Australia. Little attention, however, was given to the problem of model
selection—since the archetypes (mixture components) may depend on differ-
ent but likely overlapping sets of covariates, a method is needed for perform-
ing variable selection on all components simultaneously. In this article, we
consider using penalized likelihood functions for variable selection in FMR
models. We propose two penalties which exploit the grouped structure of the
covariates, that is, each covariate is represented by a group of coefficients,
one for each component. This leads to an attractive form of shrinkage that
allows a covariate to be removed from all components simultaneously. Both
penalties are shown to possess specific forms of variable selection consis-
tency, with simulations indicating they outperform other methods which do
not take into account the grouped structure. When applied to the Great Barrier
Reef data set, penalized FMR models offer more insight into the important
variables driving species co-occurrence in the marine community (compared
to previous results where no model selection was conducted), while offering
a computationally stable method of modeling complex species–environment
relationships (through regularization).
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JUMP DETECTION IN GENERALIZED ERROR-IN-VARIABLES
REGRESSION WITH AN APPLICATION TO AUSTRALIAN

HEALTH TAX POLICIES1

BY YICHENG KANG∗, XIAODONG GONG§, JITI GAO¶ AND PEIHUA QIU∗

University of Florida∗, University of Canberra§, Australian National University§,
IZA§ and Monash University¶

Without measurement errors in predictors, discontinuity of a nonpara-
metric regression function at unknown locations could be estimated using a
number of existing approaches. However, it becomes a challenging problem
when the predictors contain measurement errors. In this paper, an error-in-
variables jump point estimator is suggested for a nonparametric generalized
error-in-variables regression model. A major feature of our method is that it
does not impose any parametric distribution on the measurement error. Its
performance is evaluated by both numerical studies and theoretical justifica-
tions. The method is applied to studying the impact of Medicare Levy Sur-
charge on the private health insurance take-up rate in Australia.
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HMMSEQ: A HIDDEN MARKOV MODEL FOR DETECTING
DIFFERENTIALLY EXPRESSED GENES FROM RNA-SEQ DATA
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AND ALLISON N. TEGGE†

University of Missouri∗ and Virginia Tech†

We introduce hmmSeq, a model-based hierarchical Bayesian technique
for detecting differentially expressed genes from RNA-seq data. Our novel
hmmSeq methodology uses hidden Markov models to account for potential
co-expression of neighboring genes. In addition, hmmSeq employs an inte-
grated approach to studies with technical or biological replicates, automat-
ically adjusting for any extra-Poisson variability. Moreover, for cases when
paired data are available, hmmSeq includes a paired structure between treat-
ments that incoporates subject-specific effects. To perform parameter estima-
tion for the hmmSeq model, we develop an efficient Markov chain Monte
Carlo algorithm. Further, we develop a procedure for detection of differen-
tially expressed genes that automatically controls false discovery rate. A sim-
ulation study shows that the hmmSeq methodology performs better than
competitors in terms of receiver operating characteristic curves. Finally, the
analyses of three publicly available RNA-seq data sets demonstrate the power
and flexibility of the hmmSeq methodology. An R package implementing
the hmmSeq framework will be submitted to CRAN upon publication of the
manuscript.
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TRACKING RAPID INTRACELLULAR MOVEMENTS:
A BAYESIAN RANDOM SET APPROACH

BY VASILEIOS MAROULAS AND ANDREAS NEBENFÜHR1

University of Tennessee

We focus on the biological problem of tracking organelles as they move
through cells. In the past, most intracellular movements were recorded man-
ually, however, the results are too incomplete to capture the full complexity
of organelle motions. An automated tracking algorithm promises to provide a
complete analysis of noisy microscopy data. In this paper, we adopt statistical
techniques from a Bayesian random set point of view. Instead of consider-
ing each individual organelle, we examine a random set whose members are
the organelle states and we establish a Bayesian filtering algorithm involv-
ing such set states. The propagated multi-object densities are approximated
using a Gaussian mixture scheme. Our algorithm is applied to synthetic and
experimental data.
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BAYESIAN DETECTION OF EMBRYONIC GENE EXPRESSION
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To study how a zygote develops into an embryo with different tissues,
large-scale 4D confocal movies of C. elegans embryos have been produced
recently by experimental biologists. However, the lack of principled statisti-
cal methods for the highly noisy data has hindered the comprehensive anal-
ysis of these data sets. We introduced a probabilistic change point model
on the cell lineage tree to estimate the embryonic gene expression onset
time. A Bayesian approach is used to fit the 4D confocal movies data to the
model. Subsequent classification methods are used to decide a model selec-
tion threshold and further refine the expression onset time from the branch
level to the specific cell time level. Extensive simulations have shown the
high accuracy of our method. Its application on real data yields both previ-
ously known results and new findings.
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Understanding which phenotypic traits are consistently correlated
throughout evolution is a highly pertinent problem in modern evolutionary
biology. Here, we propose a multivariate phylogenetic latent liability model
for assessing the correlation between multiple types of data, while simulta-
neously controlling for their unknown shared evolutionary history informed
through molecular sequences. The latent formulation enables us to consider
in a single model combinations of continuous traits, discrete binary traits
and discrete traits with multiple ordered and unordered states. Previous ap-
proaches have entertained a single data type generally along a fixed history,
precluding estimation of correlation between traits and ignoring uncertainty
in the history. We implement our model in a Bayesian phylogenetic frame-
work, and discuss inference techniques for hypothesis testing. Finally, we
showcase the method through applications to columbine flower morphology,
antibiotic resistance in Salmonella and epitope evolution in influenza.
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EXAMINING SOCIOECONOMIC HEALTH DISPARITIES USING
A RANK-DEPENDENT RÉNYI INDEX

BY MAKRAM TALIH
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The Rényi index (RI) is a one-parameter class of indices that summarize
health disparities among population groups by measuring divergence between
the distributions of disease burden and population shares of these groups.
The rank-dependent RI introduced in this paper is a two-parameter class of
health disparity indices that also accounts for the association between socioe-
conomic rank and health; it may be derived from a rank-dependent social wel-
fare function. Two competing classes are discussed and the rank-dependent
RI is shown to be more robust to changes in the distribution of either so-
cioeconomic rank or health. The standard error and sampling distribution
of the rank-dependent RI are evaluated using linearization and resampling
techniques, and the methodology is illustrated using health survey data from
the U.S. National Health and Nutrition Examination Survey and registry data
from the U.S. Surveillance, Epidemiology and End Results Program. Such
data underlie many population-based objectives within the U.S. Healthy Peo-
ple 2020 initiative. The rank-dependent RI provides a unified mathematical
framework for eliciting various societal positions with regards to the policies
that are tied to such wide-reaching public health initiatives. For example, if
population groups with lower socioeconomic position were ascertained to be
more likely to utilize costly public programs, then the parameters of the RI
could be selected to reflect prioritizing those population groups for interven-
tion or treatment.
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BAYESIAN STRUCTURED ADDITIVE DISTRIBUTIONAL
REGRESSION WITH AN APPLICATION TO REGIONAL

INCOME INEQUALITY IN GERMANY

BY NADJA KLEIN∗,1, THOMAS KNEIB∗,1,
STEFAN LANG†,2 AND ALEXANDER SOHN∗
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We propose a generic Bayesian framework for inference in distribu-
tional regression models in which each parameter of a potentially complex
response distribution and not only the mean is related to a structured ad-
ditive predictor. The latter is composed additively of a variety of different
functional effect types such as nonlinear effects, spatial effects, random co-
efficients, interaction surfaces or other (possibly nonstandard) basis func-
tion representations. To enforce specific properties of the functional effects
such as smoothness, informative multivariate Gaussian priors are assigned
to the basis function coefficients. Inference can then be based on computa-
tionally efficient Markov chain Monte Carlo simulation techniques where a
generic procedure makes use of distribution-specific iteratively weighted least
squares approximations to the full conditionals. The framework of distribu-
tional regression encompasses many special cases relevant for treating non-
standard response structures such as highly skewed nonnegative responses,
overdispersed and zero-inflated counts or shares including the possibility for
zero- and one-inflation. We discuss distributional regression along a study
on determinants of labour incomes for full-time working males in Germany
with a particular focus on regional differences after the German reunification.
Controlling for age, education, work experience and local disparities, we es-
timate full conditional income distributions allowing us to study various dis-
tributional quantities such as moments, quantiles or inequality measures in a
consistent manner in one joint model. Detailed guidance on practical aspects
of model choice including the selection of several competing distributions
for labour incomes and the consideration of different covariate effects on the
income distribution complete the distributional regression analysis. We find
that next to a lower expected income, full-time working men in East Ger-
many also face a more unequal income distribution than men in the West,
ceteris paribus.
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SAMPLE SIZE DETERMINATION FOR TRAINING CANCER
CLASSIFIERS FROM MICROARRAY AND RNA-seq DATA

BY SANDRA SAFO1,2, XIAO SONG3 AND KEVIN K. DOBBIN1,2

University of Georgia

The objective of many high-dimensional microarray and RNA-seq stud-
ies is to develop a classifier of cancer patients based on characteristics of their
disease. The germinal center B-cell (GCB) classifier study in lymphoma and
the National Cancer Institute’s Director’s Challenge lung (DC-lung) study are
two examples. In recent years, such classifiers are often developed using reg-
ularized regression, such as the lasso. A critical question is whether a better
classifier can be developed from a larger training set size and, if so, how large
the training set should be. This paper examines these two questions using
an existing sample size method and a novel sample size method developed
here specifically for lasso logistic regression. Both methods are based on pi-
lot data. We reexamine the lymphoma and lung cancer data sets to evaluate
the sample sizes, and use resampling to assess the estimation methods. We
also study application to an RNA-seq data set. We find that it is feasible to
estimate sample size for regularized logistic regression if an adequate pilot
data set exists. The GCB and the DC-lung data sets appear adequate, under
specific assumptions. Existing human RNA-seq data sets are by and large
inadequate, and cannot be used as pilot data. Pilot RNA-seq data can be sim-
ulated, and the methods in this paper can be used for sample size estimation.
A MATLAB program is made available.
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An increasingly important goal of psychiatry is the use of brain imaging
data to develop predictive models. Here we present two contributions to sta-
tistical methodology for this purpose. First, we propose and compare a set of
wavelet-domain procedures for fitting generalized linear models with scalar
responses and image predictors: sparse variants of principal component re-
gression and of partial least squares, and the elastic net. Second, we consider
assessing the contribution of image predictors over and above available scalar
predictors, in particular, via permutation tests and an extension of the idea of
confounding to the case of functional or image predictors. Using the proposed
methods, we assess whether maps of a spontaneous brain activity measure,
derived from functional magnetic resonance imaging, can meaningfully pre-
dict presence or absence of attention deficit/hyperactivity disorder (ADHD).
Our results shed light on the role of confounding in the surprising outcome
of the recent ADHD-200 Global Competition, which challenged researchers
to develop algorithms for automated image-based diagnosis of the disorder.
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CHUN, H. and KELEŞ, S. (2010). Sparse partial least squares regression for simultaneous dimension
reduction and variable selection. J. R. Stat. Soc. Ser. B. Stat. Methodol. 72 3–25. MR2751241

COOK, R. D. (2007). Fisher lecture: Dimension reduction in regression. Statist. Sci. 22 1–26.
MR2408655

CRADDOCK, R. C., HOLTZHEIMER III, P. E., HU, X. P. and MAYBERG, H. S. (2009). Disease
state prediction from resting state functional connectivity. Magn. Reson. Med. 62 1619–1628.

CRAINICEANU, C. M., REISS, P. T., GOLDSMITH, J., HUANG, L., HUO, L. and SCHEIPL, F.
(2014). refund: Regression with functional data. R package version 0.1-10.

DAUBECHIES, I. (1988). Orthonormal bases of compactly supported wavelets. Comm. Pure Appl.
Math. 41 909–996. MR0951745

DELAIGLE, A. and HALL, P. (2012a). Achieving near perfect classification for functional data. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 74 267–286. MR2899863

DELAIGLE, A. and HALL, P. (2012b). Methodology and theory for partial least squares applied to
functional data. Ann. Statist. 40 322–352. MR3014309

DING, B. and GENTLEMAN, R. (2005). Classification using generalized partial least squares.
J. Comput. Graph. Statist. 14 280–298. MR2160814

DONOHO, D. L. and JOHNSTONE, I. M. (1994). Ideal spatial adaptation by wavelet shrinkage.
Biometrika 81 425–455. MR1311089

ELOYAN, A., MUSCHELLI, J., NEBEL, M. B., LIU, H., HAN, F., ZHAO, T., BARBER, A. D.,
JOEL, S., PEKAR, J. J., MOSTOFSKY, S. H. and CAFFO, B. (2012). Automated diagnoses of
attention deficit hyperactive disorder using magnetic resonance imaging. Front. Syst. Neurosci. 6
61.

FAN, J. and LI, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle
properties. J. Amer. Statist. Assoc. 96 1348–1360. MR1946581

FAY, M. P., KIM, H.-J. and HACHEY, M. (2007). On using truncated sequential probability ratio
test boundaries for Monte Carlo implementation of hypothesis tests. J. Comput. Graph. Statist.
16 946–967. MR2412490

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2010). Regularization paths for generalized linear
models via coordinate descent. J. Stat. Softw. 33 1–22.

GOLDSMITH, J., HUANG, L. and CRAINICEANU, C. M. (2014). Smooth scalar-on-image regression
via spatial Bayesian variable selection. J. Comput. Graph. Statist. 8 1045–1064.

GOLDSMITH, J., BOBB, J., CRAINICEANU, C. M., CAFFO, B. and REICH, D. (2011). Penalized
functional regression. J. Comput. Graph. Statist. 20 830–851. MR2878950

GOLLAND, P. and FISCHL, B. (2003). Permutation tests for classification: Towards statistical sig-
nificance in image-based studies. In Information Processing in Medical Imaging: Proceedings of
the 18th International Conference (C. J. Taylor and J. A. Noble, eds.) 330–341. Springer, Berlin.

GROSENICK, L., KLINGENBERG, B., KATOVICH, K., KNUTSON, B. and TAYLOR, J. E. (2013).
Interpretable whole-brain prediction analysis with GraphNet. NeuroImage 72 304–321.

GUILLAS, S. and LAI, M.-J. (2010). Bivariate splines for spatial functional regression models.
J. Nonparametr. Stat. 22 477–497. MR2662608

HALL, P. and HOROWITZ, J. L. (2007). Methodology and convergence rates for functional linear
regression. Ann. Statist. 35 70–91. MR2332269

http://www.ams.org/mathscinet-getitem?mr=1718346
http://www.ams.org/mathscinet-getitem?mr=1997162
http://www.ams.org/mathscinet-getitem?mr=2751241
http://www.ams.org/mathscinet-getitem?mr=2408655
http://www.ams.org/mathscinet-getitem?mr=0951745
http://www.ams.org/mathscinet-getitem?mr=2899863
http://www.ams.org/mathscinet-getitem?mr=3014309
http://www.ams.org/mathscinet-getitem?mr=2160814
http://www.ams.org/mathscinet-getitem?mr=1311089
http://www.ams.org/mathscinet-getitem?mr=1946581
http://www.ams.org/mathscinet-getitem?mr=2412490
http://www.ams.org/mathscinet-getitem?mr=2878950
http://www.ams.org/mathscinet-getitem?mr=2662608
http://www.ams.org/mathscinet-getitem?mr=2332269


HONORIO, J., TOMASI, D., GOLDSTEIN, R. Z., LEUNG, H.-C. and SAMARAS, D. (2012). Can a
single brain region predict a disorder? IEEE Trans. Med. Imaging 31 2062–2072.

HUANG, L., GOLDSMITH, J., REISS, P. T., REICH, D. S. and CRAINICEANU, C. M. (2013).
Bayesian scalar-on-image regression with application to association between intracranial DTI
and cognitive outcomes. NeuroImage 83 210–223.

HUO, L., REISS, P. and ZHAO, Y. (2014). refund.wave: Wavelet–domain regression with functional
data. R package version 0.1.

JOHNSTONE, I. M. and LU, A. Y. (2009). On consistency and sparsity for principal components
analysis in high dimensions. J. Amer. Statist. Assoc. 104 682–693. MR2751448

KAPUR, S., PHILLIPS, A. G. and INSEL, T. R. (2012). Why has it taken so long for biological
psychiatry to develop clinical tests and what to do about it? Mol. Psychiatry 17 1174–1179.

MALLAT, S. G. (1989). A theory for multiresolution signal decomposition: The wavelet representa-
tion. IEEE Trans. Pattern Anal. Mach. Intell. 11 674–693.

MALLAT, S. (2009). A Wavelet Tour of Signal Processing: The Sparse Way, 3rd ed. Academic Press,
Burlington, MA. MR2479996

MALLOY, E. J., MORRIS, J. S., ADAR, S. D., SUH, H., GOLD, D. R. and COULL, B. A. (2010).
Wavelet-based functional linear mixed models: An application to measurement error-corrected
distributed lag models. Biostatistics 11 432–452.

MARX, B. D. (1996). Iteratively reweighted partial least squares estimation for generalized linear
regression. Technometrics 38 374–381.

MARX, B. D. and EILERS, P. H. C. (1999). Generalized linear regression on sampled signals and
curves: A P-spline approach. Technometrics 41 1–13.

MARX, B. D. and EILERS, P. H. C. (2005). Multidimensional penalized signal regression. Techno-
metrics 47 13–22. MR2135789

MASSY, W. F. (1965). Principal components regression in exploratory statistical research. J. Amer.
Statist. Assoc. 60 234–256.

MEINSHAUSEN, N. and BÜHLMANN, P. (2010). Stability selection. J. R. Stat. Soc. Ser. B. Stat.
Methodol. 72 417–473. MR2758523

MEINSHAUSEN, N., MEIER, L. and BÜHLMANN, P. (2009). p-values for high-dimensional regres-
sion. J. Amer. Statist. Assoc. 104 1671–1681. MR2750584

MILHAM, M. P. (2012). Open neuroscience solutions for the connectome-wide association era. Neu-
ron 73 214–218.

MORRIS, J. S., BALADANDAYUTHAPANI, V., HERRICK, R. C., SANNA, P. and GUTSTEIN, H.
(2011). Automated analysis of quantitative image data using isomorphic functional mixed models,
with application to proteomics data. Ann. Appl. Stat. 5 894–923. MR2840180

MÜLLER, H.-G. and STADTMÜLLER, U. (2005). Generalized functional linear models. Ann. Statist.
33 774–805. MR2163159

NADLER, B. and COIFMAN, R. R. (2005). The prediction error in CLS and PLS: The importance of
feature selection prior to multivariate calibration. J. Chemom. 19 107–118.

NASON, G. P. (2008). Wavelet Methods in Statistics with R. Springer, New York. MR2445580
NASON, G. (2013). wavethresh: Wavelets statistics and transforms. R package version 4.6.2.
NGUYEN, D. V. and ROCKE, D. M. (2002). Tumor classification by partial least squares using

microarray gene expression data. Bioinformatics 18 39–50.
NICHOLS, T. E. (2012). Multiple testing corrections, nonparametric methods, and random field the-

ory. NeuroImage 62 811–815.
OGDEN, R. T. (1997). Essential Wavelets for Statistical Applications and Data Analysis. Birkhäuser,

Boston, MA. MR1420193
OJALA, M. and GARRIGA, G. C. (2010). Permutation tests for studying classifier performance.

J. Mach. Learn. Res. 11 1833–1863. MR2660654

http://www.ams.org/mathscinet-getitem?mr=2751448
http://www.ams.org/mathscinet-getitem?mr=2479996
http://www.ams.org/mathscinet-getitem?mr=2135789
http://www.ams.org/mathscinet-getitem?mr=2758523
http://www.ams.org/mathscinet-getitem?mr=2750584
http://www.ams.org/mathscinet-getitem?mr=2840180
http://www.ams.org/mathscinet-getitem?mr=2163159
http://www.ams.org/mathscinet-getitem?mr=2445580
http://www.ams.org/mathscinet-getitem?mr=1420193
http://www.ams.org/mathscinet-getitem?mr=2660654


ÖZKAYA, S. G. and VAN DE VILLE, D. (2011). Anatomically adapted wavelets for integrated sta-
tistical analysis of fMRI data. In 2011 IEEE International Symposium on Biomedical Imaging:
From Nano to Macro 469–472. IEEE, New York.

POTTER, D. M. (2005). A permutation test for inference in logistic regression with small- and
moderate-sized data sets. Stat. Med. 24 693–708. MR2134534

PREDA, C. and SAPORTA, G. (2005). PLS regression on a stochastic process. Comput. Statist. Data
Anal. 48 149–158. MR2134488

R DEVELOPMENT CORE TEAM (2012). R: A Language and Environment for Statistical Computing.
R Foundation for Statistical Computing, Vienna, Austria. ISBN 3-900051-07-0.

RAMSAY, J. O. and SILVERMAN, B. W. (2005). Functional Data Analysis, 2nd ed. Springer, New
York. MR2168993

RASMUSSEN, P. M., HANSEN, L. K., MADSEN, K. H., CHURCHILL, N. W. and STROTHER, S. C.
(2012). Model sparsity and brain pattern interpretation of classification models in neuroimaging.
Pattern Recognition 45 2085–2100.

REISS, P. T. (2006). Regression with signals and images as predictors. Ph.D. Thesis, Dept. of Bio-
statistics, Columbia Univ., New York.

REISS, P. T. (2015). Cross-validation and hypothesis testing in neuroimaging: An irenic comment
on the exchange between Friston and Lindquist et al. NeuroImage. To appear.

REISS, P. T. and OGDEN, R. T. (2007). Functional principal component regression and functional
partial least squares. J. Amer. Statist. Assoc. 102 984–996. MR2411660

REISS, P. T. and OGDEN, R. T. (2010). Functional generalized linear models with images as pre-
dictors. Biometrics 66 61–69. MR2756691

REISS, P. T., HUO, L., ZHAO, Y., KELLY, C. and OGDEN, R. T. (2015). Supplement to “Wavelet-
domain regression and predictive inference in psychiatric neuroimaging.” DOI:10.1214/15-
AOAS829SUPP.

ROSENBAUM, P. R. (2010). Design of Observational Studies. Springer, New York. MR2561612
ROTHMAN, K. J. (2012). Epidemiology: An Introduction, 2nd ed. Oxford Univ. Press, New York.
RUTTIMANN, U. E., UNSER, M., RAWLINGS, R. R., RIO, D., RAMSEY, N. F., MATTAY, V. S.,

HOMMER, D. W., FRANK, J. A. and WEINBERGER, D. R. (1998). Statistical analysis of func-
tional MRI data in the wavelet domain. IEEE Trans. Med. Imaging 17 142–154.

SABUNCU, M. R., VAN LEEMPUT, K. and ALZHEIMER’S DISEASE NEUROIMAGING INITIATIVE

(2012). The relevance voxel machine (RVoxM): A self-tuning Bayesian model for informative
image-based prediction. IEEE Trans. Med. Imaging 31 2290–2306.

SHEN, H. and HUANG, J. Z. (2008). Sparse principal component analysis via regularized low rank
matrix approximation. J. Multivariate Anal. 99 1015–1034. MR2419336

STONE, M. and BROOKS, R. J. (1990). Continuum regression: Cross-validated sequentially con-
structed prediction embracing ordinary least squares, partial least squares and principal compo-
nents regression. J. Roy. Statist. Soc. Ser. B 52 237–269. MR1064418

SUN, D., VAN ERP, T. G. M., THOMPSON, P. M., BEARDEN, C. E., DALEY, M., KUSHAN, L.,
HARDT, M. E., NUECHTERLEIN, K. H., TOGA, A. W. and CANNON, T. D. (2009). Elucidat-
ing a magnetic resonance imaging-based neuroanatomic biomarker for psychosis: Classification
analysis using probabilistic brain atlas and machine learning algorithms. Biological Psychiatry
66 1055–1060.

TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B
58 267–288. MR1379242

VAN DE VILLE, D., SEGHIER, M. L., LAZEYRAS, F., BLU, T. and UNSER, M. (2007). WSPM:
Wavelet-based statistical parametric mapping. NeuroImage 37 1205–1217.

VIDAKOVIC, B. (1999). Statistical Modeling by Wavelets. Wiley, New York. MR1681904
WAND, M. P. and ORMEROD, J. T. (2011). Penalized wavelets: Embedding wavelets into semipara-

metric regression. Electron. J. Stat. 5 1654–1717. MR2870147

http://www.ams.org/mathscinet-getitem?mr=2134534
http://www.ams.org/mathscinet-getitem?mr=2134488
http://www.ams.org/mathscinet-getitem?mr=2168993
http://www.ams.org/mathscinet-getitem?mr=2411660
http://www.ams.org/mathscinet-getitem?mr=2756691
http://dx.doi.org/10.1214/15-AOAS829SUPP
http://www.ams.org/mathscinet-getitem?mr=2561612
http://www.ams.org/mathscinet-getitem?mr=2419336
http://www.ams.org/mathscinet-getitem?mr=1064418
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=1681904
http://www.ams.org/mathscinet-getitem?mr=2870147
http://dx.doi.org/10.1214/15-AOAS829SUPP


WANG, X., RAY, S. and MALLICK, B. K. (2007). Bayesian curve classification using wavelets.
J. Amer. Statist. Assoc. 102 962–973. MR2354408

WANG, X., NAN, B., ZHU, J., KOEPPE, R. and THE ALZHEIMER’S DISEASE NEUROIMAGING

INITIATIVE (2014). Regularized 3D functional regression for brain image data via Haar wavelets.
Ann. Appl. Stat. 8 1045–1064.

WITTEN, D. M., TIBSHIRANI, R. and HASTIE, T. (2009). A penalized matrix decomposition, with
applications to sparse principal components and canonical correlation analysis. Biostatistics 10
515–534.

WOLD, H. (1966). Nonlinear estimation by iterative least square procedures. In Research Papers in
Statistics (Festschrift J. Neyman) (F. N. David, ed.) 411–444. Wiley, London. MR0210250

YANG, H., WU, Q.-Z., GUO, L.-T., LI, Q.-Q., LONG, X.-Y., HUANG, X.-Q., CHAN, R. C. K. and
GONG, Q.-Y. (2011). Abnormal spontaneous brain activity in medication-naïve ADHD children:
A resting state fMRI study. Neurosci. Lett. 502 89–93.

ZHAO, Y., CHEN, H. and OGDEN, R. T. (2015). Wavelet-based weighted LASSO and screening
approaches in functional linear regression. J. Comput. Graph. Statist. To appear.

ZHAO, Y., OGDEN, R. T. and REISS, P. T. (2012). Wavelet-based LASSO in functional linear re-
gression. J. Comput. Graph. Statist. 21 600–617. MR2970910

ZHOU, H., LI, L. and ZHU, H. (2013). Tensor regression with applications in neuroimaging data
analysis. J. Amer. Statist. Assoc. 108 540–552. MR3174640

ZHU, H., BROWN, P. J. and MORRIS, J. S. (2012). Robust classification of functional and quantita-
tive image data using functional mixed models. Biometrics 68 1260–1268. MR3040032

ZHU, J. and HASTIE, T. (2004). Classification of gene microarrays by penalized logistic regression.
Biostatistics 5 427–443.

ZHU, H., VANNUCCI, M. and COX, D. D. (2010). A Bayesian hierarchical model for classification
with selection of functional predictors. Biometrics 66 463–473. MR2758826

ZOU, H. (2006). The adaptive lasso and its oracle properties. J. Amer. Statist. Assoc. 101 1418–1429.
MR2279469

ZOU, H. and HASTIE, T. (2005). Regularization and variable selection via the elastic net. J. R. Stat.
Soc. Ser. B. Stat. Methodol. 67 301–320. MR2137327

ZOU, H., HASTIE, T. and TIBSHIRANI, R. (2006). Sparse principal component analysis. J. Comput.
Graph. Statist. 15 265–286. MR2252527

ZOU, Q.-H., ZHU, C.-Z., YANG, Y., ZUO, X.-N., LONG, X.-Y., CAO, Q.-J., WANG, Y.-F. and
ZANG, Y.-F. (2008). An improved approach to detection of amplitude of low-frequency fluctua-
tion (ALFF) for resting-state fMRI: Fractional ALFF. J. Neurosci. Methods 172 137–141.

http://www.ams.org/mathscinet-getitem?mr=2354408
http://www.ams.org/mathscinet-getitem?mr=0210250
http://www.ams.org/mathscinet-getitem?mr=2970910
http://www.ams.org/mathscinet-getitem?mr=3174640
http://www.ams.org/mathscinet-getitem?mr=3040032
http://www.ams.org/mathscinet-getitem?mr=2758826
http://www.ams.org/mathscinet-getitem?mr=2279469
http://www.ams.org/mathscinet-getitem?mr=2137327
http://www.ams.org/mathscinet-getitem?mr=2252527

