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CLIMATE INFERENCE ON DAILY RAINFALL ACROSS THE
AUSTRALIAN CONTINENT, 1876-2015

BY MICHAEL BERTOLACCT®!, EDWARD CRIPPS®!, ORI ROSEN®2,
JOHN W. LAU* AND SALLY Cripps’34

University of Western Australia*, University of Sydney' and
University of Texas at El Paso*

Daily precipitation has an enormous impact on human activity, and the
study of how it varies over time and space, and what global indicators influ-
ence it, is of paramount importance to Australian agriculture. We analyze over
294 million daily rainfall measurements since 1876, spanning 17,606 sites
across continental Australia. The data are not only large but also complex,
and the topic would benefit from a common and publicly available statistical
framework. We propose a Bayesian hierarchical mixture model that accom-
modates mixed discrete-continuous data. The observational level describes
site-specific temporal and climatic variation via a mixture-of-experts model.
At the next level of the hierarchy, spatial variability of the mixture weights’
parameters is modeled by a spatial Gaussian process prior. A parallel and dis-
tributed Markov chain Monte Carlo sampler is developed which scales the
model to large data sets. We present examples of posterior inference on the
mixture weights, monthly intensity levels, daily temporal dependence, offsite
prediction of the effects of climate drivers and long-term rainfall trends across
the entire continent. Computer code implementing the methods proposed in
this paper is available as an R package.

REFERENCES

AMDAHL, G. M. (1967). Validity of the single processor approach to achieving large scale com-
puting capabilities. In Proceedings of the April 18-20, 1967, Spring Joint Computer Conference.
AFIPS 67 (Spring) 483-485. ACM, New York.

ANDRICH, M. A. and IMBERGER, J. (2013). The effect of land clearing on rainfall and fresh water
resources in western Australia: A multi-functional sustainability analysis. J. Appl. Econometrics
20 549-563.

BERTOLACCI, M., CRIPPS, E., ROSEN, O., LAU, J. and CRrIPPS, S. (2019a). Conditional distri-
butions for the sampling scheme in “Climate inference on daily rainfall across the Australian
continent, 1876-2015.” DOI:10.1214/18-AOAS1218SUPPA.

BERTOLACCI, M., CRIPPS, E., ROSEN, O., LAU, J. and CRIPPS, S. (2019b). Model comparison
supplement for “Climate inference on daily rainfall across the Australian continent, 1876-2015.”
DOI:10.1214/18-A0OAS1218SUPPB.

BERTOLACCI, M., CRIPPS, E., ROSEN, O., LAU, J. and CRIPPS, S. (2019c). Model diag-
nostics for “Climate inference on daily rainfall across the Australian continent, 1876-2015.”
DOI:10.1214/18-A0OAS1218SUPPC.

Key words and phrases. Climate, rainfall, Australia, mixture-of-experts, Gaussian processes, par-
allel and distributed computing.


http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1218
http://www.imstat.org
https://doi.org/10.1214/18-AOAS1218SUPPA
https://doi.org/10.1214/18-AOAS1218SUPPB
https://doi.org/10.1214/18-AOAS1218SUPPC

CAI, W., VAN RENSCH, P., CowaN, T. and HENDON, H. (2012). An asymmetry in the IOD and
ENSO teleconnection pathway and its impact on Australian climate. J. Climate 25 6318-6329.

CHARLES, S. P., BATES, B. C. and HUGHES, J. P. (1999). A spatiotemporal model for downscaling
precipitation occurrence and amounts. J. Geophys. Res., Atmos. 104 31657-31669.

CHIB, S. (1996). Calculating posterior distributions and modal estimates in Markov mixture models.
J. Econometrics 75 79-97. MR1414504

CoMPO, G. P., WHITAKER, J. S., SARDESHMUKH, P. D., MATSUI, N., ALLAN, R. J., YIN, X.,
GLEASON, B. E., VOSE, R. S., RUTLEDGE, G., BESSEMOULIN, P. et al. (2011). The twentieth
century reanalysis project. Q. J. R. Meteorol. Soc. 137 1-28.

DAMSLETH, E. (1975). Conjugate classes for gamma distributions. Scand. J. Stat. 2 80-84.
MRO0378169

EDDELBUETTEL, D. and SANDERSON, C. (2014). RcppArmadillo: Accelerating R with high-
performance C++ linear algebra. Comput. Statist. Data Anal. 71 1054-1063. MR3132026

FENG, J., L1, J. and L1, Y. (2010). Is there a relationship between SAM and southwest western
Australia winter rainfall. J. Climate 23 6082—6089.

FURRER, E. M. and KATZ, R. W. (2007). Generalized linear modeling approach to stochastic
weather generators. Climate Research 34 129-144.

GONG, D. and WANG, S. (1999). Definition of Antarctic oscillation index. Geophysical Research
Letters 26 459-462.

HENDON, H., THOMPSON, D. and WHEELER, M. (2007). Australian rainfall and surface tempera-
ture variations associated with the southern hemisphere annular mode. J. Climate 20 2452-2467.

HoLscLAW, T., GREENE, A. M., ROBERTSON, A. W. and SMYTH, P. (2016). A Bayesian hidden
Markov model of daily precipitation over South and East Asia. Journal of Hydrometeorology 17
3-25.

HoLscLAw, T., GREENE, A. M., ROBERTSON, A. W. and SMYTH, P. (2017). Bayesian nonho-
mogeneous Markov models via Pélya-gamma data augmentation with applications to rainfall
modeling. Ann. Appl. Stat. 11 393-426. MR3634329

JACOBS, R. A., JORDAN, M. 1., NOWLAN, S. J. and HINTON, G. E. (1991). Adaptive mixtures of
local experts. Neural Comput. 3 79-87.

KALA, J., LYoNs, T. J. and NAIR, U. S. (2011). Numerical simulations of the impacts of land-
cover change on cold fronts in South-West western Australia. Boundary-Layer Meteorology 138
121-138.

KING, A., ALEXANDER, L. and DONAT, M. (2013). Asymmetry in the response of eastern Australia
extreme rainfall to low-frequency Pacific variability. Geophysical Research Letters 40 1-7.

KLEIBER, W., KATZ, R. W. and RAJAGOPALAN, B. (2012). Daily spatiotemporal precipitation
simulation using latent and transformed Gaussian processes. Water Resour. Res. 48.

LYNCH, N. A. (1996). Distributed Algorithms. The Morgan Kaufmann Series in Data Management
Systems. Morgan Kaufmann, San Francisco, CA. MR1388778

NAVEAU, P., HUSER, R., RIBEREAU, P. and HANNART, A. (2016). Modeling jointly low, moderate,
and heavy rainfall intensities without a threshold selection. Water Resour. Res. 52 2753-2769.

PEPLER, A., TIMBAL, B., RAKICH, C. and COUTTS-SMITH, A. (2014). Indian Ocean dipole over-
rides ENSO’s influence on cool season rainfall across the eastern seaboard of Australia. J. Climate
27 3816-3826.

PITMAN, A. J., NARISMA, G. G., PIELKE, R. A. and HOLBROOK, N. J. (2004). The impact of
land cover change on the climate of southwest western Australia. J. Geophys. Res. 109 1-12.
POLSON, N. G., ScoTT, J. G. and WINDLE, J. (2013). Bayesian inference for logistic models using

Pélya—Gamma latent variables. J. Amer. Statist. Assoc. 108 1339-1349. MR3174712

R CORE TEAM (2016). R: A Language and Environment for Statistical Computing. R Foundation

for Statistical Computing, Vienna, Austria.


http://www.ams.org/mathscinet-getitem?mr=1414504
http://www.ams.org/mathscinet-getitem?mr=0378169
http://www.ams.org/mathscinet-getitem?mr=3132026
http://www.ams.org/mathscinet-getitem?mr=3634329
http://www.ams.org/mathscinet-getitem?mr=1388778
http://www.ams.org/mathscinet-getitem?mr=3174712

RAYNER, N. A., PARKER, D. E., HORTON, E. B., FOLLAND, C. K., ALEXANDER, L. V., ROw-
ELL, D. P, KENT, E. C. and KAPLAN, A. (2003). Global analyses of sea surface temperature, sea
ice, and night marine air temperature since the late nineteenth century. J. Geophys. Res., Atmos.
108.

RICHARDSON, C. W. (1981). Stochastic simulation of daily precipitation, temperature, and solar
radiation. Water Resour. Res. 17 182-190.

RISBEY, J., POOK, M., MCINTOSH, P., WHEELER, M. and HENDON, H. (2009). On the remote
drivers of rainfall variability in Australia. Mon. Weather Rev. 137 3233-3253.

ROSEN, O., STOFFER, D. S. and WoOD, S. (2009). Local spectral analysis via a Bayesian mixture
of smoothing splines. J. Amer. Statist. Assoc. 104 249-262. MR2504376

SAJI, N. H., GoswaMI, B. N., VINAYACHANDRAN, P. N. and YAMAGATA, T. (1999). A dipole
mode in the tropical Indian Ocean. Nature 401 360-363.

STERN, R. D. and COE, R. (1984). A model fitting analysis of daily rainfall data. J. R. Stat. Soc., A
147 1-34.

STONE, R. (2014). Constructing a framework for national drought policy: The way forward—The
way Australia developed and implemented the national drought policy. Weather and Climate
Extremes 3 117-125.

TROUP, A. J. (1965). The “southern oscillation”. Q. J. R. Meteorol. Soc. 91 490-506.

UMMENHOEFER, C. C., ENGLAND, M. H., MCINTOSH, P. C., MEYERS, G. A., POOK, M. J.,
RISBEY, J. S., GUPTA, A. S. and TASCHETTO, A. S. (2009). What causes southeast Australia’s
worst droughts?. Geophysical Research Letters 36 L04707.

UMMENHOFER, C. C., GUPTA, A. S., BRIGGS, P. R., ENGLAND, M. H., McINTOSH, P. C.,
MEYERS, G. A., POOK, M. J., RAUPACH, M. R. and RISBEY, J. S. (2011). Indian and Pacific
Ocean influences on southeast Australian drought and soil moisture. J. Climate 24 1313-1336.

UMMENHOFER, C. C., GUPTA, A. S., ENGLAND, M. H., TASCHETTO, A. S., BRIGGS, P. R. and
RAUPACH, M. R. (2015). How did ocean warming affect Australian rainfall extremes during the
2010/2011 La Nifia event. Geophysical Letters 42 9942-9951.

VAN DUK, A., BECK, H., CROSBIE, R., DE JEU, R., LIU, G., PODGER, Y., TIMBAL, B. and
VINEY, N. (2013). The Millennium Drought in southeast Australia (2001-2009): Natural and
human causes and implications for water resources, ecosystems, economy, and society. Water
Resour. Res. 49.

VRAC, M. and NAVEAU, P. (2007). Stochastic downscaling of precipitation: From dry events to
heavy rainfalls. Water Resour. Res. 43.

WAHBA, G. (1990). Spline Models for Observational Data. CBMS-NSF Regional Conference Series
in Applied Mathematics 59. SIAM, Philadelphia, PA. MR1045442

WILKS, D. S. (1999). Interannual variability and extreme-value characteristics of several stochastic
daily precipitation models. Agricultural and Forest Meteorology 93 153—169.

Woob, S. (2013). Applications of Bayesian smoothing splines. In Bayesian Theory and Applica-
tions (P. Damien, P. Dellaportas, N. G. Polson and D. A. Stephens, eds.) 309-335. Oxford Univ.
Press, Oxford. MR3221170

Woob, S., ROSEN, O. and KOHN, R. (2011). Bayesian mixtures of autoregressive models. J. Com-
put. Graph. Statist. 20 174-195. MR2816544

YU, H. (2002). Rmpi: Parallel statistical computing in R. R News 2 10-14.


http://www.ams.org/mathscinet-getitem?mr=2504376
http://www.ams.org/mathscinet-getitem?mr=1045442
http://www.ams.org/mathscinet-getitem?mr=3221170
http://www.ams.org/mathscinet-getitem?mr=2816544

The Annals of Applied Statistics

2019, Vol. 13, No. 2, 713-745
https://doi.org/10.1214/18-A0AS1217

© Institute of Mathematical Statistics, 2019

MODELLING OCEAN TEMPERATURES FROM BIO-PROBES
UNDER PREFERENTIAL SAMPLING

BY DANIEL DINSDALE AND MATIAS SALIBIAN-BARRERA

University of British Columbia

In the last 25 years there has been an important increase in the amount
of data collected from animal-mounted sensors (bio-probes) which are often
used to study the animals’ behaviour or environment. We focus here on an
example of the latter, where the interest is in sea surface temperature (SST),
and measurements are taken from sensors mounted on elephant seals in the
southern Indian Ocean. We show that standard geostatistical models may not
be reliable for this type of data, due to the possibility that the regions visited
by the animals may depend on the SST. This phenomenon is know in the lit-
erature as preferential sampling, and, if ignored, it may affect the resulting
spatial predictions and parameter estimates. Research on this topic has been
mostly restricted to stationary sampling locations such as monitoring sites.
The main contribution of this manuscript is to extend this methodology to
observations obtained by devices that move through the region of interest,
as is the case with the tagged seals. More specifically, we propose a flexi-
ble framework for inference on preferentially sampled fields where the pro-
cess that generates the sampling locations is stochastic and moving over time
through a two-dimensional space. Our simulation studies confirm that predic-
tions obtained from the preferential sampling model are more reliable when
this phenomenon is present, and they compare very well to the standard ones
when there is no preferential sampling. Finally, we note that the conclusions
of our analysis of the SST data can change considerably when we incorporate
preferential sampling in the model.
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COMPLETE SPATIAL MODEL CALIBRATION!

BY YEN-NING HUANG*, BRIAN J. REICH*, MONTSERRAT FUENTES' AND
A. SANKARASUBRAMANIAN™

North Carolina State University* and Virginia Commonwealth University

Computer simulation models are central to environmental science. These
mathematical models are used to understand complex weather and climate
patterns and to predict the climate’s response to different forcings. Climate
models are of course not perfect reflections of reality, and so comparison
with observed data is needed to quantify and to correct for biases and other
deficiencies. We propose a new method to calibrate model output using ob-
served data. Our approach not only matches the marginal distributions of the
model output and gridded observed data, but it simultaneously postprocesses
the model output to have the same spatial correlation as the observed data.
This comprehensive calibration method permits realistic spatial simulations
for regional impact studies. We apply the proposed method to global climate
model output in North America and show that it successfully calibrates the
model output for temperature and precipitation.
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EXTENDED SENSITIVITY ANALYSIS FOR HETEROGENEOUS
UNMEASURED CONFOUNDING WITH AN APPLICATION TO
SIBLING STUDIES OF RETURNS TO EDUCATION

BY COLIN B. FOGARTY! AND RAIDEN B. HASEGAWA!
Massachusetts Institute of Technology and University of Pennsylvania

The conventional model for assessing insensitivity to hidden bias in
paired observational studies constructs a worst-case distribution for treatment
assignments subject to bounds on the maximal bias to which any given pair is
subjected. In studies where rare cases of extreme hidden bias are suspected,
the maximal bias may be substantially larger than the typical bias across pairs,
such that a correctly specified bound on the maximal bias would yield an
unduly pessimistic perception of the study’s robustness to hidden bias. We
present an extended sensitivity analysis which allows researchers to simul-
taneously bound the maximal and typical bias perturbing the pairs under in-
vestigation while maintaining the desired Type I error rate. We motivate and
illustrate our method with two sibling studies on the impact of schooling on
earnings, one containing information of cognitive ability of siblings and the
other not. Cognitive ability, clearly influential of both earnings and degree of
schooling, is likely similar between members of most sibling pairs yet could,
conceivably, vary drastically for some siblings. The method is straightforward
to implement, simply requiring the solution to a quadratic program. R code is
provided in the Supplementary Material.
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FOR CLUSTERED CLIMATE DATA WITH ANNUAL CYCLES
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We introduce a Bayesian multivariate hierarchical framework to estimate
a space-time model for a joint series of monthly extreme temperatures and
amounts of precipitation. Data are available for 360 monitoring stations over
60 years, with missing data affecting almost all series. Model components
account for spatio-temporal correlation and annual cycles, dependence on
covariates and between responses. Spatio-temporal dependence is modeled
by the nearest neighbor Gaussian process (GP), response multivariate depen-
dencies are represented by the linear model of coregionalization and effects
of annual cycles are included by a circular representation of time. The pro-
posed approach allows imputation of missing values and interpolation of cli-
mate surfaces at the national level. It also provides a characterization of the
so called Italian ecoregions, namely broad and discrete ecologically homoge-
neous areas of similar potential as regards the climate, physiography, hydrog-
raphy, vegetation and wildlife. To now, Italian ecoregions are hierarchically
classified into 4 tiers that go from 2 Divisions to 35 Subsections and are de-
fined by informed expert judgments. The current climatic characterization of
Italian ecoregions is based on bioclimatic indices for the period 1955-2000.
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With the growing cost of health care in the United States, the need to
improve efficiency and efficacy has become increasingly urgent. There has
been a keen interest in developing interventions to effectively coordinate the
typically fragmented care of patients with many comorbidities. Evaluation
of such interventions is often challenging given their long-term nature and
their differential effectiveness among different patients. Furthermore, care
coordination interventions are often highly resource-intensive. Hence there
is pressing need to identify which patients would benefit the most from a care
coordination program. In this work we introduce a subgroup identification
procedure for long-term interventions whose effects are expected to change
smoothly over time. We allow differential effects of an intervention to vary
over time and encourage these effects to be more similar for closer time points
by utilizing a fused lasso penalty. Our approach allows for flexible modeling
of temporally changing intervention effects while also borrowing strength in
estimation over time. We utilize our approach to construct a personalized en-
rollment decision rule for a complex case management intervention in a large
health system and demonstrate that the enrollment decision rule results in
improvement in health outcomes and care costs. The proposed methodology
could have broad usage for the analysis of different types of long-term inter-
ventions or treatments including other interventions commonly implemented
in health systems.
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Bulk gene expression experiments relied on aggregations of thousands
of cells to measure the average expression in an organism. Advances in mi-
crofluidic and droplet sequencing now permit expression profiling in single
cells. This study of cell-to-cell variation reveals that individual cells lack
detectable expression of transcripts that appear abundant on a population
level, giving rise to zero-inflated expression patterns. To infer gene coreg-
ulatory networks from such data, we propose a multivariate Hurdle model.
It is comprised of a mixture of singular Gaussian distributions. We employ
neighborhood selection with the pseudo-likelihood and a group lasso penalty
to select and fit undirected graphical models that capture conditional inde-
pendences between genes. The proposed method is more sensitive than ex-
isting approaches in simulations, even under departures from our Hurdle
model. The method is applied to data for T follicular helper cells, and a high-
dimensional profile of mouse dendritic cells. It infers network structure not
revealed by other methods, or in bulk data sets. A R implementation is avail-
able at https://github.com/amcdavid/HurdleNormal.
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We present TreeClone, a latent feature allocation model to reconstruct
tumor subclones subject to phylogenetic evolution that mimics tumor evolu-
tion. Similar to most current methods, we consider data from next-generation
sequencing of tumor DNA. Unlike most methods that use information in
short reads mapped to single nucleotide variants (SNVs), we consider sub-
clone phylogeny reconstruction using pairs of two proximal SNVs that can
be mapped by the same short reads. As part of the Bayesian inference
model, we construct a phylogenetic tree prior. The use of the tree struc-
ture in the prior greatly strengthens inference. Only subclones that can be
explained by a phylogenetic tree are assigned non-negligible probabilities.
The proposed Bayesian framework implies posterior distributions on the
number of subclones, their genotypes, cellular proportions and the phylo-
genetic tree spanned by the inferred subclones. The proposed method is val-
idated against different sets of simulated and real-world data using single
and multiple tumor samples. An open source software package is available at
http://www.compgenome.org/treeclone.
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LATENT SPACE MODELLING OF MULTIDIMENSIONAL
NETWORKS WITH APPLICATION TO THE EXCHANGE OF
VOTES IN EUROVISION SONG CONTEST
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Sapienza, University of Rome* and University College Dublin'

The Eurovision Song Contest is a popular TV singing competition held
annually among country members of the European Broadcasting Union. In
this competition, each member can be both contestant and jury, as it can par-
ticipate with a song and/or vote for other countries’ tunes. During the years,
the voting system has repeatedly been accused of being biased by tactical vot-
ing; votes would represent strategic interests rather than actual musical pref-
erences of the voting countries. In this work, we develop a latent space model
to investigate the presence of a latent structure underlying the exchange of
votes. Focusing on the period from 1998 to 2015, we represent the vote ex-
change as a multivariate network: each edition is a network, where countries
are the nodes and two countries are linked by an edge if one voted for the
other. The different networks are taken to be independent replicates of a con-
ditional Bernoulli distribution, with success probability specified as a func-
tion of a common latent space capturing the overall relationships among the
countries. Proximity denotes similarity, and countries close in the latent space
are more likely to exchange votes. If the exchange of votes depends on the
similarity between countries, the quality of the competing songs might not
be a relevant factor in the determination of the voting preferences, and this
would suggest the presence of some bias. A Bayesian hierarchical modelling
approach is employed to estimate the parameters, where the probability of a
connection between any two countries is a function of their distance in the
latent space, network-specific parameters and edge-specific covariates. The
estimated latent space is found to be relevant in the determination of edge
probabilities, however, the positions of the countries in such space only par-
tially correspond to their actual geographical positions.
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There is a growing awareness of the important roles that microbial com-
munities play in complex biological processes. Modern investigation of these
often uses next generation sequencing of metagenomic samples to determine
community composition. We propose a statistical technique based on clique
loglinear models and Bayes model averaging to identify microbial compo-
nents in a metagenomic sample at various taxonomic levels that have signifi-
cant associations. We describe the model class, a stochastic search technique
for model selection, and the calculation of estimates of posterior probabilities
of interest. We demonstrate our approach using data from the Human Micro-
biome Project and from a study of the skin microbiome in chronic wound
healing. Our technique also identifies significant dependencies among micro-
bial components as evidence of possible microbial syntrophy.
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The central aim in this paper is to address variable selection questions
in nonlinear and nonparametric regression. Motivated by statistical genetics,
where nonlinear interactions are of particular interest, we introduce a novel
and interpretable way to summarize the relative importance of predictor vari-
ables. Methodologically, we develop the “RelATive cEntrality” (RATE) mea-
sure to prioritize candidate genetic variants that are not just marginally im-
portant, but whose associations also stem from significant covarying relation-
ships with other variants in the data. We illustrate RATE through Bayesian
Gaussian process regression, but the methodological innovations apply to
other “black box” methods. It is known that nonlinear models often exhibit
greater predictive accuracy than linear models, particularly for phenotypes
generated by complex genetic architectures. With detailed simulations and
two real data association mapping studies, we show that applying RATE en-
ables an explanation for this improved performance.
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COHERENCE-BASED TIME SERIES CLUSTERING
FOR STATISTICAL INFERENCE AND VISUALIZATION
OF BRAIN CONNECTIVITY

BY CAROLINA EUAN, YING SUN AND HERNANDO OMBAO
King Abdullah University of Science and Technology (KAUST)

We develop the hierarchical cluster coherence (HCC) method for brain
signals, a procedure for characterizing connectivity in a network by cluster-
ing nodes or groups of channels that display a high level of coordination
as measured by “cluster-coherence.” While the most common approach to
measure dependence between clusters is through pairs of single time se-
ries, our method proposes cluster coherence which measures dependence be-
tween pairs of whole clusters rather than between single elements. Thus it
takes into account both the dependence between clusters and within chan-
nels in a cluster. The identified clusters contain time series that exhibit
high cross-dependence in the spectral domain. Simulation studies demon-
strate that the proposed HCC method is competitive with the other feature-
based clustering methods. To study clustering in a network of multichannel
electroencephalograms (EEG) during an epileptic seizure, we applied the
HCC method and identified connectivity on alpha (8, 12) Hertz and beta
(16, 30) Hertz bands at different phases of the recording: before an epilep-
tic seizure, during the early and middle phases of the seizure episode. To
increase the potential impact of HCC in neuroscience, we also developed
the HCC-Vis, an R-Shiny app (RStudio), which can be downloaded from
https://carolinaeuan.shinyapps.io/hcc-vis/.
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SPARSE PRINCIPAL. COMPONENT ANALYSIS WITH MISSING
OBSERVATIONS!

BY SEYOUNG PARK AND HONGYU ZHAO
Sungkyunkwan University and Yale University

Principal component analysis (PCA) is a commonly used statistical
method in a wide range of applications. However, it does not work well when
the number of features is larger than the sample size. We consider the esti-
mation of the sparse principal subspace in the high dimensional setting with
missing data motivated by the analysis of single-cell RNA sequence data. We
propose a two step estimation procedure, and establish the rates of conver-
gence for estimating the principal subspace. Simulated examples with various
missing mechanisms show its competitive performance compared to existing
sparse PCA methods. We apply the method to single-cell data and show that
the proposed method can better distinguish cell types than other PCA meth-
ods.
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ADAPTIVE GPCA: A METHOD FOR STRUCTURED
DIMENSIONALITY REDUCTION WITH APPLICATIONS TO
MICROBIOME DATA

BY JuLIA FUKUYAMA!

Indiana University

Exploratory analysis is an important first step for discovering latent struc-
ture and generating hypotheses in large biological data sets. However, when
the number of variables is large compared to the number of samples, standard
methods such as principal components analysis give results that are unstable
and difficult to interpret.

Here, we present adaptive generalized principal components analysis
(adaptive gPCA), a new method that solves these problems by incorporat-
ing information about the relationships among the variables. Adaptive gPCA
gives a low-dimensional representation of the samples with axes that are inter-
pretable in terms of groups of closely related variables. We show that adaptive
gPCA does well at reconstructing true latent structure in simulated data and
demonstrate its use on a study of the effect of antibiotics on the human gut
microbiota.
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LEARNING ALGORITHMS TO EVALUATE FORENSIC
GLASS EVIDENCE

BY SOYOUNG PARK AND ALICIA CARRIQUIRY
lowa State University

Glass fragments are often compared in the course of a forensic evalu-
ation using their chemical composition determined with technologies such
as LA-ICP-MS. At present forensic scientists advocate the use of two com-
parison criteria based on univariate intervals around all mean elemental con-
centrations for fragments originating from a known piece of broken glass.
The main drawback of this approach is that it does not consider the depen-
dencies between concentrations. Further, when the elemental concentrations
are more variable within panes, it becomes harder to reject the null hypoth-
esis of no difference between fragments. In the legal context higher variance
would tend to incriminate the defendant because the intervals would tend to
be wider. We demonstrate that a score-based approach to assess the probative
value of evidence in glass comparisons outperforms the two standard inter-
val methods and other methods proposed in the literature, at least in terms
of minimizing classification error in the glass fragment sources we analyzed.
We use machine learning algorithms to construct a similarity score between
pairs of glass fragments. The learning algorithms exploit the dependencies
among elemental concentrations and result in an empirical class probabil-
ity; so, we can report the degree of similarity between two fragments. Our
group is in the process of assembling the first glass composition database
with enough information within and between glass samples to permit com-
puting well-conditioned estimates of high-dimensional covariance matrices.
These data will be available to anyone who wishes to carry out research in
this area.
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THREE-WAY CLUSTERING OF MULTI-TISSUE
MULTI-INDIVIDUAL GENE EXPRESSION DATA USING
SEMI-NONNEGATIVE TENSOR DECOMPOSITION'

BY MIAOYAN WANG*, JONATHAN FISCHER" AND YUN S. SONG'
University of Wisconsin—Madison® and University of California, Berkeley'

The advent of high-throughput sequencing technologies has led to an
increasing availability of large multi-tissue data sets which contain gene ex-
pression measurements across different tissues and individuals. In this setting,
variation in expression levels arises due to contributions specific to genes, tis-
sues, individuals, and interactions thereof. Classical clustering methods are
ill-suited to explore these three-way interactions and struggle to fully extract
the insights into transcriptome complexity contained in the data. We propose
anew statistical method, called MultiCluster, based on semi-nonnegative ten-
sor decomposition which permits the investigation of transcriptome variation
across individuals and tissues simultaneously. We further develop a tensor
projection procedure which detects covariate-related genes with high power,
demonstrating the advantage of tensor-based methods in incorporating in-
formation across similar tissues. Through simulation and application to the
GTEx RNA-seq data from 53 human tissues, we show that MultiCluster iden-
tifies three-way interactions with high accuracy and robustness.

REFERENCES

ALLEN, G. (2012). Sparse higher-order principal components analysis . In Proc. Fifteenth Inter-
national Conference on Artificial Intelligence and Statistics, PMLR 27-36. Available at http:
/lproceedings.mlr.press/v22/allen12.html.

ANANDKUMAR, A., GE, R., Hsu, D., KAKADE, S. M. and TELGARSKY, M. (2014). Ten-
sor decompositions for learning latent variable models. J. Mach. Learn. Res. 15 2773-2832.
MR3270750

BAHCALL, O. G. (2015). Human genetics: GTEx pilot quantifies eQTL variation across tissues and
individuals. Nat. Rev. Genet. 16 375.

BATTLE, A., BROWN, C. D., ENGELHARDT, B. E., MONTGOMERY, S. B., CONSORTIUM, G. etal.
(2017). Genetic effects on gene expression across human tissues. Nature 550 204-213.

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

CANDES, E. J. and RECHT, B. (2009). Exact matrix completion via convex optimization. Found.
Comput. Math. 9 717-772. MR2565240

CARRASQUILLO, M. M., ZouU, F., PANKRATZ, V. S., WILCOX, S. L., MA, L., WALKER, L. P.,
YOUNKIN, S. G., YOUNKIN, C. S., YOUNKIN, L. H., BISCEGLIO, G. D. et al. (2009). Genetic
variation in PCDH11X is associated with susceptibility to late-onset Alzheimer’s disease. Nat.
Genet. 41 192-198.

GTEX CONSORTIUM (2015). The genotype-tissue expression (GTEX) pilot analysis: Multitissue
gene regulation in humans. Science 348 648—660.

Key words and phrases. Tensor decomposition, tensor projection, clustering, gene expression.


http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1228
http://www.imstat.org
http://proceedings.mlr.press/v22/allen12.html
http://www.ams.org/mathscinet-getitem?mr=3270750
http://www.ams.org/mathscinet-getitem?mr=1325392
http://www.ams.org/mathscinet-getitem?mr=2565240
http://proceedings.mlr.press/v22/allen12.html

DE LATHAUWER, L. (2006). A link between the canonical decomposition in multilinear algebra and
simultaneous matrix diagonalization. SIAM J. Matrix Anal. Appl. 28 642—-666. MR2262974

DE SILVA, V. and L1M, L.-H. (2008). Tensor rank and the ill-posedness of the best low-rank approx-
imation problem. SIAM J. Matrix Anal. Appl. 30 1084—1127. MR2447444

DEY, K. K., HS1A0, C. J. and STEPHENS, M. (2017). Visualizing the structure of RNA-seq expres-
sion data using grade of membership models. PLoS Genet. 13 e1006599.

FISHILEVICH, S., ZIMMERMAN, S., KOHN, A., STEIN, T. I., OLENDER, T., KOLKER, E.,
SAFRAN, M. and LANCET, D. (2016). Genic insights from integrated human proteomics in
GeneCards. Database (Oxford) 2016.

GAoO, C., MCDOWELL, I. C., ZHAO, S., BROWN, C. D. and ENGELHARDT, B. E. (2016). Context
specific and differential gene co-expression networks via Bayesian biclustering. PLoS Comput.
Biol. 12 €1004791.

HAWRYLYCZ, M. J., LEIN, S., GUILLOZET-BONGAARTS, A. L., SHEN, E. H., NG, L.,
MILLER, J. A., VAN DE LAGEMAAT, L. N., SMITH, K. A., EBBERT, A., RILEY, Z. L. et al.
(2012). An anatomically comprehensive atlas of the adult human brain transcriptome. Nature 489
391.

HILLAR, C. J. and LiM, L.-H. (2013). Most tensor problems are NP-hard. J. ACM 60 Art. 45, 39.
MR3144915

HITCHCOCK, F. L. (1927). The expression of a tensor or a polyadic as a sum of products. Stud. Appl.
Math. 6 164-189.

HORE, V., VINUELA, A., BUIL, A., KNIGHT, J., MCCARTHY, M. 1., SMALL, K. and MAR-
CHINI, J. (2016). Tensor decomposition for multiple-tissue gene expression experiments. Nat.
Genet. 48 1094-1100.

KELLEY, G. A. and KELLEY, K. S. (2012). Statistical models for meta-analysis: A brief tutorial.
World J. Methodol. 2 27-32.

KoLDA, T. G. and BADER, B. W. (2009). Tensor decompositions and applications. STAM Rev. 51
455-500. MR2535056

KRUSKAL, J. B. (1977). Three-way arrays: Rank and uniqueness of trilinear decompositions, with
application to arithmetic complexity and statistics. Linear Algebra Appl. 18 95-138. MR0444690

LaMm, A. D., DECK, G., GOLDMAN, A., ESKANDAR, E. N., NOEBELS, J. and COLE, A. J. (2017).
Silent hippocampal seizures and spikes identified by foramen ovale electrodes in Alzheimer’s
disease. Nat. Med. 23 678-680.

LAZZERONI, L. and OWEN, A. (2002). Plaid models for gene expression data. Statist. Sinica 12
61-86. MR1894189

LEE, S. and HUANG, J. Z. (2014). A biclustering algorithm for binary matrices based on penalized
Bernoulli likelihood. Stat. Comput. 24 429-441. MR3192266

LEE, S., HUANG, J. Z. and Hu, J. (2010). Sparse logistic principal components analysis for binary
data. Ann. Appl. Stat. 4 1579-1601. MR2758342

Lim, L.-H. (2005). Singular values and eigenvalues of tensors: A variational approach. In 2005 1s¢
IEEE International Workshop on Computational Advances in Multi-Sensor Adaptive Processing
129-132. IEEE, New York.

L1u, Y., HAYES, D. N., NOBEL, A. and MARRON, J. S. (2008). Statistical significance of clustering
for high-dimension, low-sample size data. J. Amer. Statist. Assoc. 103 1281-1293. MR2528840

Lock, E. F., HOADLEY, K. A., MARRON, J. S. and NOBEL, A. B. (2013). Joint and individual
variation explained (JIVE) for integrated analysis of multiple data types. Ann. Appl. Stat. 7 523—
542. MR3086429

LONSDALE, J., THOMAS, J., SALVATORE, M., PHILLIPS, R., LO, E., SHAD, S., HASZ, R., WAL-
TERS, G., GARCIA, F., YOUNG, N. et al. (2013). The genotype-tissue expression (GTEXx) project.
Nat. Genet. 45 580-585.


http://www.ams.org/mathscinet-getitem?mr=2262974
http://www.ams.org/mathscinet-getitem?mr=2447444
http://www.ams.org/mathscinet-getitem?mr=3144915
http://www.ams.org/mathscinet-getitem?mr=2535056
http://www.ams.org/mathscinet-getitem?mr=0444690
http://www.ams.org/mathscinet-getitem?mr=1894189
http://www.ams.org/mathscinet-getitem?mr=3192266
http://www.ams.org/mathscinet-getitem?mr=2758342
http://www.ams.org/mathscinet-getitem?mr=2528840
http://www.ams.org/mathscinet-getitem?mr=3086429

MELE, M., FERREIRA, P. G., REVERTER, F., DELUCA, D. S., MONLONG, J., SAMMETH, M.,
YOUNG, T. R., GOLDMANN, J. M., PERVOUCHINE, D. D., SULLIVAN, T. J. et al. (2015). The
human transcriptome across tissues and individuals. Science 348 660-665.

MOoRrlI, F., TANJI, K., MIKI, Y., TOYOSHIMA, Y., YOSHIDA, M., KAKITA, A., TAKAHASHI, H.,
UtsuMI, J., SASAKI, H. and WAKABAYASHI, K. (2016). G protein-coupled receptor 26 im-
munoreactivity in intranuclear inclusions associated with polyglutamine and intranuclear inclu-
sion body diseases. Neuropathology 36 50-55.

Mu, C., Hsu, D. and GOLDFARB, D. (2015). Successive rank-one approximations for nearly
orthogonally decomposable symmetric tensors. SIAM J. Matrix Anal. Appl. 36 1638-1659.
MR3432147

OMBERG, L., GOLUB, G. H. and ALTER, O. (2007). A tensor higher-order singular value decom-
position for integrative analysis of DNA microarray data from different studies. Proc. Natl. Acad.
Sci. USA 104 18371-18376.

PIERSON, E., KOLLER, D., BATTLE, A., MOSTAFAVI, S., CONSORTIUM, G. et al. (2015). Shar-
ing and specificity of co-expression networks across 35 human tissues. PLoS Comput. Biol. 11
€1004220.

PRIDDLE, T. H. and CROW, T. J. (2013). The protocadherin 11X/Y (PCDH11X/Y) gene pair as
determinant of cerebral asymmetry in modern Homo sapiens. Ann. N.Y. Acad. Sci. 1288 36-47.

TIBSHIRANI, R., HASTIE, T., EISEN, M., Ross, D., BOTSTEIN, D., BROWN, P. et al. (1999).
Clustering methods for the analysis of DNA microarray data. Technical report, Dept. Statistics,
Stanford Univ., Stanford, CA.

TUCKER, L. R. (1966). Some mathematical notes on three-mode factor analysis. Psychometrika 31
279-311. MR0205395

VAN DER MAATEN, L. and HINTON, G. (2008). Visualizing data using t-SNE. J. Mach. Learn. Res.
9 2579-2605.

VEERAPPA, A. M., SALDANHA, M., PADAKANNAYA, P. and RAMACHANDRA, N. B. (2013).
Genome-wide copy number scan identifies disruption of PCDH11X in developmental dyslexia.
Am. J. Med. Genet., Part B Neuropsychiatr. Genet. 162 889-897.

WANG, M., FISCHER, J. and SONG, Y. S. (2019). Supplement to “Three-way clustering of multi-
tissue multi-individual gene expression data using semi-nonnegative tensor decomposition.”
DOI:10.1214/18-A0OAS1228SUPP.

WANG, M. and SONG, Y. S. (2017). Tensor decompositions via two-mode higher-order SVD
(HOSVD). In Proceedings of the 20th International Conference on Artificial Intelligence and
Statistics. Proceedings of Machine Learning Research 54 614—622.

WANG, M., DAo Duc, K., FISCHER, J. and SONG, Y. S. (2017). Operator norm inequalities be-
tween tensor unfoldings on the partition lattice. Linear Algebra Appl. 520 44—66. MR3611456
YANG, J., HUANG, T., PETRALIA, F., LONG, Q., ZHANG, B., ARGMANN, C., ZHAO, Y.,
MosBBs, C. V., SCHADT, E. E., ZHU, J. et al. (2015). Synchronized age-related gene expression

changes across multiple tissues in human and the link to complex diseases. Sci. Rep. 5 15145.


http://www.ams.org/mathscinet-getitem?mr=3432147
http://www.ams.org/mathscinet-getitem?mr=0205395
https://doi.org/10.1214/18-AOAS1228SUPP
http://www.ams.org/mathscinet-getitem?mr=3611456

The Annals of Applied Statistics

2019, Vol. 13, No. 2, 1128-1146
https://doi.org/10.1214/18-A0OAS 1230

© Institute of Mathematical Statistics, 2019

NONPARAMETRIC TESTING FOR DIFFERENCES
IN ELECTRICITY PRICES: THE CASE OF
THE FUKUSHIMA NUCLEAR ACCIDENT

BY DOMINIK LIEBL
University of Bonn

This work is motivated by the problem of testing for differences in the
mean electricity prices before and after Germany’s abrupt nuclear phaseout
after the nuclear disaster in Fukushima Daiichi, Japan, in mid-March 2011.
Taking into account the nature of the data and the auction design of the elec-
tricity market, we approach this problem using a Local Linear Kernel (LLK)
estimator for the nonparametric mean function of sparse covariate-adjusted
functional data. We build upon recent theoretical work on the LLK estima-
tor and propose a two-sample test statistics using a finite sample correction
to avoid size distortions. Our nonparametric test results on the price differ-
ences point to a Simpson’s paradox explaining an unexpected result recently
reported in the literature.
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NONPARAMETRIC INFERENCE FOR IMMUNE RESPONSE
THRESHOLDS OF RISK IN VACCINE STUDIES'

By KEVIN M. DONOVAN*, MICHAEL G. HUDGENS* AND
PETER B. GILBERT'

University of North Carolina at Chapel Hill* and Fred Hutchinson Cancer
Research Center'

An important objective in vaccine studies entails identifying an immune
response which is predictive of disease risk. Nonparametric methods are de-
veloped for inference on immune response thresholds that are associated with
specified levels of disease risk, including where the risk level is zero. This
threshold is defined as the minimum immune response value above which
disease risk is less than or equal to the desired level. The proposed nonpara-
metric methods are compared to previously developed parametric methods
in simulation studies. The methods are extended for use in studies that only
measure the immune response in a subset of participants, such as case-cohort
or case-control studies, and with right censored time to disease outcomes.
Finally, these methods are used to estimate neutralizing antibody thresholds
for virologically confirmed dengue risk using data from two recent dengue
vaccine trials.
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The Italian National Institute for Statistics regularly provides estimates
of unemployment indicators using data from the labor force survey. However,
direct estimates of unemployment incidence cannot be released for local labor
market areas. These are unplanned domains defined as clusters of municipal-
ities; many are out-of-sample areas, and the majority is characterized by a
small sample size which renders direct estimates inadequate. The empirical
best predictor represents an appropriate, model-based alternative. However,
for non-Gaussian responses its computation and the computation of the an-
alytic approximation to its mean squared error require the solution of (pos-
sibly) multiple integrals that, generally, have not a closed form. To solve the
issue, Monte Carlo methods and parametric bootstrap are common choices,
even though the computational burden is a nontrivial task. In this paper, we
propose a semiparametric empirical best predictor for a (possibly) nonlinear
mixed effect model by leaving the distribution of the area-specific random
effects unspecified and estimating it from the observed data. This approach is
known to lead to a discrete mixing distribution which helps avoid unverifiable
parametric assumptions and heavy integral approximations. We also derive
a second-order, bias-corrected analytic approximation to the corresponding
mean squared error. Finite sample properties of the proposed approach are
tested via a large scale simulation study. Furthermore, the proposal is ap-
plied to unit-level data from the 2012 Italian Labor Force Survey to estimate
unemployment incidence for 611 local labor market areas using auxiliary in-
formation from administrative registers and the 2011 Census.
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THE IDENTITY OF THE ZERO-TRUNCATED, ONE-INFLATED
LIKELIHOOD AND THE ZERO-ONE-TRUNCATED LIKELIHOOD
FOR GENERAL COUNT DENSITIES WITH AN APPLICATION TO

DRINK-DRIVING IN BRITAIN

By DANKMAR BOHNING AND PETER G. M. VAN DER HEIJDEN

University of Southampton and University of Utrecht

For zero-truncated count data, as they typically arise in capture-recapture
modelling, we consider modelling under one-inflation. This is motivated by
police data on drink-driving in Britain which shows high one-inflation. The
data, which are used here, are from the years 2011 to 2015 and are based
on DR10 endorsements. We show that inference for an arbitrary count den-
sity with one-inflation can be equivalently based upon the associated zero-
one truncated count density. This simplifies inference considerably including
maximum likelihood estimation and likelihood ratio testing. For the drink-
driving application, we use the geometric distribution which shows a good
fit. We estimate the total drink-driving as about 2,300,000 drink-drivers in the
observational period. As 227,578 were observed, this means that only about
10% of the drink-driving population is observed with a bootstrap confidence
interval of 9%—-12%.
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PHYLOGENY-BASED TUMOR SUBCLONE IDENTIFICATION
USING A BAYESIAN FEATURE ALLOCATION MODEL'

BY L1 ZENG, JOSHUA L. WARREN AND HONGYU ZHAO
Yale University

Tumor cells acquire different genetic alterations during the course of evo-
Iution in cancer patients. As a result of competition and selection, only a few
subgroups of cells with distinct genotypes survive. These subgroups of cells
are often referred to as subclones. In recent years, many statistical and com-
putational methods have been developed to identify tumor subclones, leading
to biologically significant discoveries and shedding light on tumor progres-
sion, metastasis, drug resistance and other processes. However, most existing
methods are either not able to infer the phylogenetic structure among sub-
clones, or not able to incorporate copy number variations (CNV). In this arti-
cle, we propose SIFA (tumor Subclone /dentification by Feature Allocation),
a Bayesian model which takes into account both CNV and tumor phylogeny
structure to infer tumor subclones. We compare the performance of SIFA with
two other commonly used methods using simulation studies with varying se-
quencing depth, evolutionary tree size, and tree complexity. SIFA consistently
yields better results in terms of Rand Index and cellularity estimation accu-
racy. The usefulness of SIFA is also demonstrated through its application to
whole genome sequencing (WGS) samples from four patients in a breast can-
cer study.
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ESTIMATING POPULATION AVERAGE CAUSAL EFFECTS IN THE
PRESENCE OF NON-OVERLAP: THE EFFECT OF NATURAL GAS
COMPRESSOR STATION EXPOSURE ON CANCER MORTALITY!

BY RACHEL C. NETHERY*, FABRIZIA MEALLIT AND FRANCESCA DOMINICT*
Harvard T.H. Chan School of Public Health* and University of Florence®

Most causal inference studies rely on the assumption of overlap to es-
timate population or sample average causal effects. When data suffer from
non-overlap, estimation of these estimands requires reliance on model spec-
ifications due to poor data support. All existing methods to address non-
overlap, such as trimming or down-weighting data in regions of poor data
support, change the estimand so that inference cannot be made on the sam-
ple or the underlying population. In environmental health research settings
where study results are often intended to influence policy, population-level
inference may be critical and changes in the estimand can diminish the im-
pact of the study results, because estimates may not be representative of
effects in the population of interest to policymakers. Researchers may be
willing to make additional, minimal modeling assumptions in order to pre-
serve the ability to estimate population average causal effects. We seek to
make two contributions on this topic. First, we propose a flexible, data-driven
definition of propensity score overlap and non-overlap regions. Second, we
develop a novel Bayesian framework to estimate population average causal
effects with minor model dependence and appropriately large uncertainties
in the presence of non-overlap and causal effect heterogeneity. In this ap-
proach the tasks of estimating causal effects in the overlap and non-overlap
regions are delegated to two distinct models suited to the degree of data sup-
port in each region. Tree ensembles are used to nonparametrically estimate
individual causal effects in the overlap region, where the data can speak for
themselves. In the non-overlap region where insufficient data support means
reliance on model specification is necessary, individual causal effects are es-
timated by extrapolating trends from the overlap region via a spline model.
The promising performance of our method is demonstrated in simulations.
Finally, we utilize our method to perform a novel investigation of the causal
effect of natural gas compressor station exposure on cancer outcomes. Code
and data to implement the method and reproduce all simulations and analyses
is available on Github (https://github.com/rachelnethery/overlap).
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Antibodies, an essential part of our immune system, develop through an
intricate process to bind a wide array of pathogens. This process involves
randomly mutating DNA sequences encoding these antibodies to find vari-
ants with improved binding, though mutations are not distributed uniformly
across sequence sites. Immunologists observe this nonuniformity to be con-
sistent with “mutation motifs” which are short DNA subsequences that affect
how likely a given site is to experience a mutation. Quantifying the effect
of motifs on mutation rates is challenging. A large number of possible motifs
makes this statistical problem high dimensional, while the unobserved history
of the mutation process leads to a nontrivial missing data problem. We intro-
duce an £ -penalized proportional hazards model to infer mutation motifs and
their effects. In order to estimate model parameters, our method uses a Monte
Carlo EM algorithm to marginalize over the unknown ordering of mutations.
We show that our method performs better on simulated data compared to
current methods and leads to more parsimonious models. The application of
proportional hazards to mutation processes is, to our knowledge, novel and
formalizes the current methods in a statistical framework that can be easily
extended to analyze the effect of other biological features on mutation rates.
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EARLY DIAGNOSIS OF NEUROLOGICAL DISEASE USING PEAK
DEGENERATION AGES OF MULTIPLE BIOMARKERS'

BY FEI GAO, YUANJIA WANG AND DONGLIN ZENG

University of Washington, Columbia University and
University of North Carolina at Chapel Hill

Neurological diseases are due to the loss of structure or function of neu-
rons that eventually leads to cognitive deficit, neuropsychiatric symptoms,
and impaired activities of daily living. Identifying sensitive and specific bi-
ological and clinical markers for early diagnosis allows recruiting patients
into a clinical trial to test therapeutic intervention. However, many biomarker
studies considered a single biomarker at one time that fails to provide pre-
cise prediction for disease age at onset. In this paper, we use longitudinally
collected measurements from multiple biomarkers and measurement error-
corrected clinical diagnosis ages to identify which biomarkers and what fea-
tures of biomarker trajectories are useful for early diagnosis. Specifically,
we assume that the subject-specific biomarker trajectories depend on unob-
served states of underlying latent variables with the conditional mean fol-
lows a nonlinear sigmoid shape. We show that peak degeneration age of the
biomarker trajectory is useful for early diagnosis. We propose an Expectation-
Maximization (EM) algorithm to obtain the maximum likelihood estimates of
all parameters and conduct extensive simulation studies to examine the per-
formance of the proposed methods. Finally, we apply our methods to studies
of Alzheimer’s disease and Huntington’s disease and identify a few important
biomarkers that can be used for early diagnosis.
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