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A HERMITE-GAUSSIAN BASED EXOPLANET RADIAL VELOCITY
ESTIMATION METHOD

BY PARKER H. HOLZER!, JESSI CISEWSKI-KEHEZ, DEBRA FISCHER>" AND
LILY ZHAO> T
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As the first successful technique used to detect exoplanets orbiting dis-
tant stars, the radial velocity method aims to detect a periodic Doppler shift
in a stellar spectrum due to the star’s motion along the line sight. We intro-
duce a new, mathematically rigorous approach to detect such a signal that
accounts for the smooth functional relationship of neighboring wavelengths
in the spectrum, minimizes the role of wavelength interpolation, accounts for
heteroskedastic noise and easily allows for accurate calculation of the esti-
mated radial velocity standard error. Using Hermite—Gaussian functions, we
show that the problem of detecting a Doppler shift in the spectrum can be re-
duced to linear regression in many settings. A simulation study demonstrates
that the proposed method is able to accurately estimate an individual spec-
trum’s radial velocity with precision below 0.3 m s, corresponding to a
Doppler shift much smaller than the size of a spectral pixel. Furthermore, the
new method outperforms the traditional cross-correlation function approach
for estimating the radial velocity by reducing the root mean squared error
up to 15 cm s~1. The proposed method is also demonstrated on a new set
of observations from the EXtreme PREcision Spectrometer (EXPRES) for
the host star 51 Pegasi, and successfully recovers estimates of the planetary
companion’s parameters that agree well with previous studies. The method is
implemented in the R package rvmethod, and supplemental Python code is
also available.
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HIERARCHICAL INTEGRATED SPATIAL PROCESS MODELING OF
MONOTONE WEST ANTARCTIC SNOW DENSITY CURVES
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Snow density estimates below the surface, used with airplane-acquired
ice-penetrating radar measurements, give a site-specific history of snow wa-
ter accumulation. Because it is infeasible to drill snow cores across all of
Antarctica to measure snow density and because it is critical to understand
how climatic changes are affecting the world’s largest freshwater reservoir,
we develop methods that enable snow density estimation with uncertainty in
regions where snow cores have not been drilled.

In inland West Antarctica, snow density increases monotonically as a
function of depth, except for possible microscale variability or measurement
error, and it cannot exceed the density of ice. We present a novel class of
integrated spatial process models that allow interpolation of monotone snow
density curves. For computational feasibility we construct the space-depth
process through kernel convolutions of log-Gaussian spatial processes. We
discuss model comparison, model fitting and prediction. Using this model,
we extend estimates of snow density beyond the depth of the original core
and estimate snow density curves where snow cores have not been drilled.
Along flight lines with ice-penetrating radar, we use interpolated snow den-
sity curves to estimate recent water accumulation and find predominantly de-
creasing water accumulation over recent decades.
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ESTIMATING HIGH-RESOLUTION RED SEA SURFACE TEMPERATURE
HOTSPOTS, USING A LOW-RANK SEMIPARAMETRIC SPATIAL MODEL
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In this work, we estimate extreme sea surface temperature (SST)
hotspots, that is, high threshold exceedance regions, for the Red Sea, a vital
region of high biodiversity. We analyze high-resolution satellite-derived SST
data comprising daily measurements at 16,703 grid cells across the Red Sea
over the period 1985-2015. We propose a semiparametric Bayesian spatial
mixed-effects linear model with a flexible mean structure to capture spatially-
varying trend and seasonality, while the residual spatial variability is modeled
through a Dirichlet process mixture (DPM) of low-rank spatial Student’s ¢
processes (LTPs). By specifying cluster-specific parameters for each LTP
mixture component, the bulk of the SST residuals influence tail inference and
hotspot estimation only moderately. Our proposed model has a nonstation-
ary mean, covariance, and tail dependence, and posterior inference can be
drawn efficiently through Gibbs sampling. In our application, we show that
the proposed method outperforms some natural parametric and semiparamet-
ric alternatives. Moreover, we show how hotspots can be identified, and we
estimate extreme SST hotspots for the whole Red Sea, projected until the year
2100, based on the Representative Concentration Pathways 4.5 and 8.5. The
estimated 95% credible region, for joint high threshold exceedances include
large areas covering major endangered coral reefs in the southern Red Sea.
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Improving and optimizing oceanographic sampling is a crucial task for
marine science and maritime resource management. Faced with limited re-
sources in understanding processes in the water column, the combination
of statistics and autonomous systems provides new opportunities for exper-
imental design. In this work we develop efficient spatial sampling methods
for characterizing regions, defined by simultaneous exceedances above pre-
scribed thresholds of several responses, with an application focus on map-
ping coastal ocean phenomena based on temperature and salinity measure-
ments. Specifically, we define a design criterion based on uncertainty in the
excursions of vector-valued Gaussian random fields and derive tractable ex-
pressions for the expected integrated Bernoulli variance reduction in such a
framework. We demonstrate how this criterion can be used to prioritize sam-
pling efforts at locations that are ambiguous, making exploration more effec-
tive. We use simulations to study and compare properties of the considered
approaches, followed by results from field deployments with an autonomous
underwater vehicle as part of a study mapping the boundary of a river plume.
The results demonstrate the potential of combining statistical methods and
robotic platforms to effectively inform and execute data-driven environmen-
tal sampling.
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The classification of shapes is of great interest in diverse areas ranging
from medical imaging to computer vision and beyond. While many statisti-
cal frameworks have been developed for the classification problem, most are
strongly tied to early formulations of the problem with an object to be clas-
sified described as a vector in a relatively low-dimensional Euclidean space.
Statistical shape data have two main properties that suggest a need for a novel
approach: (i) shapes are inherently infinite-dimensional with strong depen-
dence among the positions of nearby points, and (ii) shape space is not Eu-
clidean but is fundamentally curved. To accommodate these features of the
data, we work with the square-root velocity function of the curves to pro-
vide a useful formal description of the shape, pass to tangent spaces of the
manifold of shapes at projection points (which effectively separate shapes
for pairwise classification in the training data) and use principal components
within these tangent spaces to reduce dimensionality. We illustrate the im-
pact of the projection point and choice of subspace on the misclassification
rate with a novel method of combining pairwise classifiers.
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The recent curation of large-scale databases with 3D surface scans of
shapes has motivated the development of tools that better detect global pat-
terns in morphological variation. Studies, which focus on identifying differ-
ences between shapes, have been limited to simple pairwise comparisons and
rely on prespecified landmarks (that are often known). We present SINA-
TRA, the first statistical pipeline for analyzing collections of shapes without
requiring any correspondences. Our novel algorithm takes in two classes of
shapes and highlights the physical features that best describe the variation be-
tween them. We use a rigorous simulation framework to assess our approach.
Lastly, as a case study we use SINATRA to analyze mandibular molars from
four different suborders of primates and demonstrate its ability recover known
morphometric variation across phylogenies.
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The period-luminosity relation (PLR) of Mira variable stars is an impor-
tant tool to determine astronomical distances. The common approach of esti-
mating the PLR is a two-step procedure that first estimates the Mira periods
and then runs a linear regression of magnitude on log period. When the light
curves are sparse and noisy, the accuracy of period estimation decreases and
can suffer from aliasing effects. Some methods improve accuracy by incorpo-
rating complex model structures at the expense of significant computational
costs. Another drawback of existing methods is that they only provide point
estimation without proper estimation of uncertainty. To overcome these chal-
lenges, we develop a hierarchical Bayesian model that simultaneously models
the quasi-periodic variations for a collection of Mira light curves while esti-
mating their common PLR. By borrowing strengths through the PLR, our
method automatically reduces the aliasing effect, improves the accuracy of
period estimation and is capable of characterizing the estimation uncertainty.
We develop a scalable stochastic variational inference algorithm for compu-
tation that can effectively deal with the multimodal posterior of period. The
effectiveness of the proposed method is demonstrated through simulations
and an application to observations of Miras in the Local Group galaxy M33.
Without using ad hoc period correction tricks, our method achieves a dis-
tance estimate of M33 that is consistent with published work. Our method
also shows superior robustness to downsampling of the light curves.
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Nitrogen dioxide (NO») is a primary constituent of traffic-related air pol-
Iution and has well-established harmful environmental and human-health im-
pacts. Knowledge of the spatiotemporal distribution of NO; is critical for
exposure and risk assessment. A common approach for assessing air pollu-
tion exposure is linear regression involving spatially referenced covariates,
known as land-use regression (LUR). We develop a scalable approach for
simultaneous variable selection and estimation of LUR models with spa-
tiotemporally correlated errors, by combining a general-Vecchia Gaussian-
process approximation with a penalty on the LUR coefficients. In compari-
son to existing methods using simulated data, our approach resulted in higher
model-selection specificity and sensitivity and in better prediction in terms of
calibration and sharpness, for a wide range of relevant settings. In our spa-
tiotemporal analysis of daily, US-wide, ground-level NO, data, our approach
was more accurate, and produced a sparser and more interpretable model.
Our daily predictions elucidate spatiotemporal patterns of NO, concentra-
tions across the United States, including significant variations between cities
and intra-urban variation. Thus, our predictions will be useful for epidemio-
logical and risk-assessment studies seeking daily, national-scale predictions,
and they can be used in acute-outcome health-risk assessments.
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Sea ice, or frozen ocean water, freezes and melts every year in the Arc-
tic. Forecasts of where sea ice will be located weeks to months in advance
have become more important as the amount of sea ice declines due to cli-
mate change, for maritime planning and other uses. Typical sea ice forecasts
are made with ensemble models, physics-based models of sea ice and the
surrounding ocean and atmosphere. This paper introduces Mixture Contour
Forecasting, a method to forecast sea ice probabilistically using a mixture of
two distributions, one based on postprocessed output from ensembles and the
other on observed sea ice patterns in recent years. At short lead times, these
forecasts are better calibrated than unadjusted dynamic ensemble forecasts
and other statistical reference forecasts. To produce these forecasts, a statisti-
cal technique is introduced that directly models the sea ice edge contour, the
boundary around the region that is ice-covered. Mixture Contour Forecasting
and reference methods are evaluated for monthly sea ice forecasts for 2008—
2016 at lead times ranging from 0.5-6.5 months using one of the European
Centre for Medium-Range Weather Forecasts ensembles.
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Future grid management systems will coordinate distributed production
and storage resources to manage, in a cost effective fashion, the increased
load and variability brought by the electrification of transportation and by a
higher share of weather dependent production. Electricity demand forecasts
at a low level of aggregation will be key inputs for such systems. We focus
on forecasting demand at the individual household level, which is more chal-
lenging than forecasting aggregate demand, due to the lower signal-to-noise
ratio and to the heterogeneity of consumption patterns across households.
We propose a new ensemble method for probabilistic forecasting which bor-
rows strength across the households while accommodating their individual
idiosyncrasies. In particular, we develop a set of models or “experts” which
capture different demand dynamics, and we fit each of them to the data from
each household. Then, we construct an aggregation of experts where the en-
semble weights are estimated on the whole data set, the main innovation being
that we let the weights vary with the covariates by adopting an additive model
structure. In particular, the proposed aggregation method is an extension of
regression stacking where the mixture weights are modelled using linear com-
binations of parametric, smooth or random effects. The methods for building
and fitting additive stacking models are implemented by the gamFactory
R package, available at https://github.com/mfasiolo/gamFactory.
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Causal mediation analysis seeks to investigate how the treatment effect
of an exposure on outcomes is mediated through intermediate variables. Al-
though many applications involve longitudinal data, the existing methods are
not directly applicable to settings where the mediator and outcome are mea-
sured on sparse and irregular time grids. We extend the existing causal me-
diation framework from a functional data analysis perspective, viewing the
sparse and irregular longitudinal data as realizations of underlying smooth
stochastic processes. We define causal estimands of direct and indirect ef-
fects accordingly and provide corresponding identification assumptions. For
estimation and inference, we employ a functional principal component analy-
sis approach for dimension reduction and use the first few functional principal
components instead of the whole trajectories in the structural equation mod-
els. We adopt the Bayesian paradigm to accurately quantify the uncertainties.
The operating characteristics of the proposed methods are examined via simu-
lations. We apply the proposed methods to a longitudinal data set from a wild
baboon population in Kenya to investigate the causal relationships between
early adversity, strength of social bonds between animals and adult glucocor-
ticoid hormone concentrations. We find that early adversity has a significant
direct effect (a 9-14% increase) on females’ glucocorticoid concentrations
across adulthood but find little evidence that these effects were mediated by
weak social bonds.
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Composed of a large number of subwavelength unit cells with designable
geometries, metamaterials have been widely studied to achieve extraordinary
advantageous and unusual optical properties. However, ordinary computer
simulator requires a time-consuming fine-tuning to find a proper design of
metamaterial for a specific optical property, making the design stage a crit-
ical bottleneck in large scale applications of metamaterials. This paper in-
vestigates the metamaterial design under the framework of computer exper-
iments, with emphasis on dealing with the challenge of designing numerous
unit cells with functional responses, simultaneously, which is not common in
traditional computer experiments. We formulate the multiple related design
targets as a multitarget design problem. Leveraging on the similarity between
different designs, we propose an efficient Bayesian optimization strategy with
a parsimonious surrogate model and an integrated acquisition function to de-
sign multiple unit cells with very few function evaluations. A wide range
of simulations confirm the effectiveness and superiority of the proposed ap-
proach compared to the naive strategies where the multiple unit cells are dealt
with separately or sequentially. Such a rapid design strategy has the potential
to greatly promote large scale applications of metamaterials in practice.
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We consider an extension to discrete-space, continuous-time models for
animal movement that have previously been presented in the literature. The
extension from a continuous-time Markov formulation to a continuous-time
semi-Markov formulation allows for the inclusion of temporally dynamic
habitat conditions as well as temporally changing movement responses by
animals to that environment. We show that, with only a little additional con-
sideration, the Poisson likelihood calculation for the Markov version can still
be used within the multiple imputation framework commonly employed for
analysis of telemetry data. In addition, we consider a Bayesian model se-
lection methodology within the imputation framework. The model selection
method uses a Laplace approximation to the posterior model probability to
provide a computationally feasible approach. The full methodology is then
used to analyze movements of 15 weaned northern fur seal (Callorhinus ursi-
nus) pups with respect to surface winds, geostrophic currents and sea sur-
face temperature. The highest posterior model probabilities belonged to those
models containing only winds and current; SST was not a significant factor
for modeling their movement.
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We propose a Bayesian hierarchical Jolly-Seber model that can accom-
modate a semiparametric functional relationship between external covariates
and capture probabilities, individual heterogeneity in departure due to an in-
ternal time-varying covariate and the dependence of arrival time on external
covariates. Modelwise, we consider a stochastic process to characterize the
evolution of the partially observable internal covariate that is linked to depar-
ture probabilities. Computationally, we develop a well-tailored Markov chain
Monte Carlo algorithm that is free of tuning through data augmentation. Infer-
entially, our model allows us to make inference about stopover duration and
population sizes, the impacts of various covariates on departure and arrival
time and to identify flexible yet data-driven functional relationships between
external covariates and capture probabilities. We demonstrate the effective-
ness of our model through a motivating dataset collected for studying the
migration of mallards (Anas platyrhynchos) in Sweden.
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Recent advances in next-generation sequencing technology have yielded
huge amounts of transcriptomic data. The discreteness and the high di-
mensions of RNA-seq data have posed great challenges in biological net-
work analysis. Although estimation theories for high-dimensional modified
Poisson-type graphical models have been proposed for the network analysis
of count-valued data, the statistical inference of these models is still largely
unknown. We herein propose a two-step procedure in both edgewise and
global statistical inference of these modified Poisson-type graphical mod-
els using a cutting-edge generalized low-dimensional projection approach for
bias correction. Extensive simulations and a real example with ground truth
illustrate asymptotic normality of edgewise inference and more accurate in-
ferential results in multiple testing compared to the sole estimation and the
inferential method under normal assumption. Furthermore, the application of
our method to novel RNA-seq data of childhood atopic asthma in Puerto Ri-
cans demonstrates more biologically meaningful results compared to the sole
estimation and the inferential methods based on Gaussian and nonparanormal
graphical models.
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TWO-WAY SPARSITY FOR TIME-VARYING NETWORKS WITH
APPLICATIONS IN GENOMICS
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We propose a novel way of modelling time-varying networks by inducing
two-way sparsity on local models of node connectivity. This two-way sparsity
separately promotes sparsity across time and sparsity across variables (within
time). Separation of these two types of sparsity is achieved through a novel
prior structure which draws on ideas from the Bayesian lasso and from copula
modelling. We provide an efficient implementation of the proposed model via
a Gibbs sampler, and we apply the model to data from neural development. In
doing so, we demonstrate that the proposed model is able to identify changes
in genomic network structure that match current biological knowledge. Such
changes in genomic network structure can then be used by neurobiologists to
identify potential targets for further experimental investigation.
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On the problem of scoring genes for evidence of changes in the distri-
bution of single-cell expression, we introduce an empirical Bayesian mix-
ture approach and evaluate its operating characteristics in a range of numeri-
cal experiments. The proposed approach leverages cell-subtype structure re-
vealed in cluster analysis in order to boost gene-level information on expres-
sion changes. Cell clustering informs gene-level analysis through a specially-
constructed prior distribution over pairs of multinomial probability vectors;
this prior meshes with available model-based tools that score patterns of dif-
ferential expression over multiple subtypes. We derive an explicit formula for
the posterior probability that a gene has the same distribution in two cellular
conditions, allowing for a gene-specific mixture over subtypes in each con-
dition. Advantage is gained by the compositional structure of the model not
only in which a host of gene-specific mixture components are allowed but
also in which the mixing proportions are constrained at the whole cell level.
This structure leads to a novel form of information sharing through which the
cell-clustering results support gene-level scoring of differential distribution.
The result, according to our numerical experiments, is improved sensitivity
compared to several standard approaches for detecting distributional expres-
sion changes.
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Measuring the dependence of k > 3 random variables and drawing in-
ference from such higher-order dependences are scientifically important yet
challenging. Motivated here by protein coevolution with multivariate categor-
ical features, we consider an information theoretic measure of higher-order
dependence. The proposed collective dependence is a symmetrization of dif-
ferential interaction information which generalizes the mutual information
of a pair of random variables. We show that the collective dependence can be
easily estimated and facilitates a test on the dependence of k > 3 random vari-
ables. Upon carefully exploring the null space of collective dependence, we
devise a Classification-Assisted Large scale inference procedure to DEtect
significant k-COllective DEpendence among d > k random variables, with
the false discovery rate controlled. Finite sample performance of our method
is examined via simulations. We apply this method to the multiple protein
sequence alignment data to study the residue or position coevolution for two
protein families, the elongation factor P family and the zinc knuckle family.
We identify novel functional triplets of amino acid residues, whose contribu-
tions to the protein function are further investigated. These confirm that the
collective dependence does yield additional information important for under-
standing the protein coevolution compared to the pairwise measures.
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There are distinguishing features or “hallmarks” of cancer that are found
across tumors, individuals and types of cancer, and these hallmarks can be
driven by specific genetic mutations. Yet within a single tumor there is often
extensive genetic heterogeneity as evidenced by single-cell and bulk DNA
sequencing data. The goal of this work is to jointly infer the underlying geno-
types of tumor subpopulations and the distribution of those subpopulations
in individual tumors by integrating single-cell and bulk sequencing data. Un-
derstanding the genetic composition of the tumor at the time of treatment is
important in the personalized design of targeted therapeutic combinations and
monitoring for possible recurrence after treatment.

We propose a hierarchical Dirichlet process mixture model that incorpo-
rates the correlation structure induced by a structured sampling arrangement,
and we show that this model improves the quality of inference. We develop
a representation of the hierarchical Dirichlet process prior as a Gamma—
Poisson hierarchy, and we use this representation to derive a fast Gibbs sam-
pling inference algorithm using the augment-and-marginalize method. Ex-
periments with simulation data show that our model outperforms standard
numerical and statistical methods for decomposing admixed count data. Anal-
yses of real acute lymphoblastic leukemia cancer sequencing dataset shows
that our model improves upon state-of-the-art bioinformatic methods. An in-
terpretation of the results of our model on this real dataset reveals comutated
loci across samples.
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In this paper an appropriate and interpretable diagnosis statistical model
is proposed to predict Nonalcoholic Steatohepatitis (NASH) from near in-
frared spectrometry data. In this disease, unknown patients’ profiles are ex-
pected to lead to a different diagnosis. The model has then to take into account
the heterogeneity of the data and the dimension of the spectrometric data.

To this end, we propose to fit a mixture model on the joint distribution of
the diagnostic binary variable and the covariates selected in the spectra. The
penalized maximum likelihood estimator is considered. In practice, a twofold
penalty on both regression coefficients and covariance parameters is imposed.
Automatic selection criteria, such as the AIC and BIC, are used to select
the amount of shrinkage and the number of clusters. The performance of the
overall procedure is evaluated by a simulation study, and its application on the
NASH data set is analyzed. The model leads to better prediction performance
than competitive methods and provides highly interpretable results.

REFERENCES

AHONEN, 1., NEVALAINEN, J. and LAROCQUE, D. (2019). Prediction with a flexible finite mixture-of-
regressions. Comput. Statist. Data Anal. 132 212-224. MR3913145 https://doi.org/10.1016/j.csda.2018.01.
012

ANTY, R., IANNELLI, A., PATOURAUX, S., BONNAFOUS, S., LAVALLARD, V., SENNI-BURATTI, M., BEN
AMOR, 1., STACCINI-MYX, A., SAINT-PAUL, M. C. et al. (2010). A new composite model including
metabolic syndrome, alanine aminotransferase and cytokeratin-18 for the diagnosis of non-alcoholic steato-
hepatitis in morbidly obese patients. Aliment. Pharmacol. Ther. 32 1315-1322.

BIERNACKI, C., CELEUX, G. and GOVAERT, G. (2000). Assessing a mixture model for clustering with the
integrated completed likelihood. IEEE Trans. Pattern Anal. Mach. Intell. 22 719-725.

BIERNACKI, C., CELEUX, G. and GOVAERT, G. (2003). Choosing starting values for the EM algorithm for
getting the highest likelihood in multivariate Gaussian mixture models. Comput. Statist. Data Anal. 41 561—
575. MR1968069 https://doi.org/10.1016/S0167-9473(02)00163-9

BOUGEARD, S., ABDI, H., SAPORTA, G. and NIANG, N. (2018). Clusterwise analysis for multiblock component
methods. Adv. Data Anal. Classif. 12 285-313. MR3829278 https://doi.org/10.1007/s11634-017-0296-8

BRESLOW, N. E. (1996). Statistics in epidemiology: The case-control study. J. Amer. Statist. Assoc. 91 14-28.
MR 1394064 https://doi.org/10.2307/2291379

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. With discussion. MR0501537

FAN, J. and L1, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle properties. J.
Amer. Statist. Assoc. 96 1348—1360. MR1946581 https://doi.org/10.1198/016214501753382273

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2008). Sparse inverse covariance estimation with the graphical
lasso. Biostatistics 9 432—441.

GREEN, P. J. (1990). On use of the EM algorithm for penalized likelihood estimation. J. Roy. Statist. Soc. Ser. B
52 443-452. MR1086796

GRUN, B. and LEISCH, F. (2007). Fitting finite mixtures of generalized linear regressions in R. Comput. Statist.
Data Anal. 51 5247-5252. MR2370869 https://doi.org/10.1016/j.csda.2006.08.014

Key words and phrases. Mixture regression model, prediction, variable selection, heterogeneous data, spec-
trometry data.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1409
http://www.imstat.org
mailto:marie.morvan@univ-rennes1.fr
mailto:joyce.giacofci@univ-rennes2.fr
mailto:valerie.monbet@univ-rennes1.fr
mailto:emilie.devijver@univ-grenoble-alpes.fr
http://www.ams.org/mathscinet-getitem?mr=3913145
https://doi.org/10.1016/j.csda.2018.01.012
http://www.ams.org/mathscinet-getitem?mr=1968069
https://doi.org/10.1016/S0167-9473(02)00163-9
http://www.ams.org/mathscinet-getitem?mr=3829278
https://doi.org/10.1007/s11634-017-0296-8
http://www.ams.org/mathscinet-getitem?mr=1394064
https://doi.org/10.2307/2291379
http://www.ams.org/mathscinet-getitem?mr=0501537
http://www.ams.org/mathscinet-getitem?mr=1946581
https://doi.org/10.1198/016214501753382273
http://www.ams.org/mathscinet-getitem?mr=1086796
http://www.ams.org/mathscinet-getitem?mr=2370869
https://doi.org/10.1016/j.csda.2006.08.014
https://doi.org/10.1016/j.csda.2018.01.012

HASTIE, T., TIBSHIRANI, R. and WAINWRIGHT, M. (2015). Statistical Learning with Sparsity: The Lasso
and Generalizations. Monographs on Statistics and Applied Probability 143. CRC Press, Boca Raton, FL.
MR3616141

HosHIKAWA, T. (2013). Mixture regression for observational data, with application to functional regression
models. Available at: http://arxiv.org/abs/1307.0170.

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

JIANG, Y., CONGLIAN, Y. and QINGHUA, J. (2018). Model selection for the localized mixture of experts models.
J. Appl. Stat. 45 1994-2006. MR3820067 https://doi.org/10.1080/02664763.2017.1405914

KERIBIN, C. (2000). Consistent estimation of the order of mixture models. Sankhya Ser. A 62 49—-66. MR1769735

KHALILI, A. and CHEN, J. (2007). Variable selection in finite mixture of regression models. J. Amer. Statist.
Assoc. 102 1025-1038. MR2411662 https://doi.org/10.1198/016214507000000590

KHALILI, A. and LIN, S. (2013). Regularization in finite mixture of regression models with diverging number of
parameters. Biometrics 69 436—446. MR3071062 https://doi.org/10.1111/biom.12020

LLoYD-JONES, L. R., NGUYEN, H. D. and MCLACHLAN, G. J. (2018). A globally convergent algorithm for
lasso-penalized mixture of linear regression models. Comput. Statist. Data Anal. 119 19-38. MR3729520
https://doi.org/10.1016/j.csda.2017.09.003

MACQUEEN, J. (1967). Some methods for classification and analysis of multivariate observations. In Proc. Fifth
Berkeley Sympos. Math. Statist. and Probability (Berkeley, Calif., 1965/66) 281-297. Univ. California Press,
Berkeley, CA. MR0214227

MCLACHLAN, G. and PEEL, D. (2000). Finite Mixture Models. Wiley Series in Probability and Statistics: Applied
Probability and Statistics. Wiley Interscience, New York. MR1789474 https://doi.org/10.1002/0471721182

MENG, X.-L. and RUBIN, D. B. (1993). Maximum likelihood estimation via the ECM algorithm: A general
framework. Biometrika 80 267-278. MR1243503 https://doi.org/10.1093/biomet/80.2.267

MisiTi, M., MisITI, Y., POGGI, J.-M. and PORTIER, B. (2015). Mixture of linear regression models for short
term pm10 forecasting in haute normandie (France). CS-BIGS 6 47-60.

MORVAN, M., DEVIJVER, E., GIACOFCI, M. and MONBET, V. (2021). Supplement to “Prediction of the NASH
through penalized mixture of logistic regression models.” https://doi.org/10.1214/20- AOAS 1409SUPP

RoOSs, J. and Dy, J. (2013). Nonparametric mixture of Gaussian processes with constraints. In Proc. 30th Int.
Conf. Mach. Learn. 28 1346-1354.

ROSSET, S. and TIBSHIRANI, R. J. (2020). From Fixed-X to Random-X regression: Bias-variance decomposi-
tions, covariance penalties, and prediction error estimation. J. Amer. Statist. Assoc. 115 138-151. MR4078450
https://doi.org/10.1080/01621459.2018.1424632

SCHWARZ, G. (1978). Estimating the dimension of a model. Ann. Statist. 6 461-464. MR0468014

SHMUELI, G. (2010). To explain or to predict? Statist. Sci. 25 289-310. MR2791669 https://doi.org/10.1214/
10-STS330

STADLER, N., BUHLMANN, P. and VAN DE GEER, S. (2010). £;-penalization for mixture regression models.
TEST 19 209-256. MR2677722 https://doi.org/10.1007/s11749-010-0197-z

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

VINH, N. X., EpPPS, J. and BAILEY, J. (2010). Information theoretic measures for clusterings comparison: Vari-
ants, properties, normalization and correction for chance. J. Mach. Learn. Res. 11 2837-2854. MR2738784

WANG, H., L1, R. and TSAI, C.-L. (2007). Tuning parameter selectors for the smoothly clipped absolute devia-
tion method. Biometrika 94 553-568. MR2410008 https://doi.org/10.1093/biomet/asm053

XU, L., JORDAN, M. I. and HINTON, G. E. (1995). An alternative model for mixtures of experts. In Advances
in Neural Information Processing Systems 633—-640.

YOUNOSSI, Z., ANSTEE, Q. M., MARIETTI, M., HARDY, T., HENRY, L., ESLAM, M., GEORGE, J. and BU-
GIANESI, E. (2018a). Global burden of nafld and nash: Trends, predictions, risk factors and prevention. Nature
Reviews Gastroenterology & Hepatology 15 11-20.

YouNoOsSI, Z., LooMBA, R., ANSTEE, Q., RINELLA, M., BUGIANESI, E., MARCHESINI, G.,
NEUSCHWANDER-TETRI, B., SERFATY, L., NEGRO, F. et al. (2018b). Diagnostic modalities for nonalco-
holic fatty liver disease, nonalcoholic steatohepatitis, and associated fibrosis. Hepatology 68 349-360.

YUKSEL, S. E., WILSON, J. N. and GADER, P. D. (2012). Twenty years of mixture of experts. IEEE Trans.
Neural Netw. Learn. Syst. 23 1177-1193. https://doi.org/10.1109/TNNLS.2012.2200299


http://www.ams.org/mathscinet-getitem?mr=3616141
http://arxiv.org/abs/1307.0170
http://www.ams.org/mathscinet-getitem?mr=3820067
https://doi.org/10.1080/02664763.2017.1405914
http://www.ams.org/mathscinet-getitem?mr=1769735
http://www.ams.org/mathscinet-getitem?mr=2411662
https://doi.org/10.1198/016214507000000590
http://www.ams.org/mathscinet-getitem?mr=3071062
https://doi.org/10.1111/biom.12020
http://www.ams.org/mathscinet-getitem?mr=3729520
https://doi.org/10.1016/j.csda.2017.09.003
http://www.ams.org/mathscinet-getitem?mr=0214227
http://www.ams.org/mathscinet-getitem?mr=1789474
https://doi.org/10.1002/0471721182
http://www.ams.org/mathscinet-getitem?mr=1243503
https://doi.org/10.1093/biomet/80.2.267
https://doi.org/10.1214/20-AOAS1409SUPP
http://www.ams.org/mathscinet-getitem?mr=4078450
https://doi.org/10.1080/01621459.2018.1424632
http://www.ams.org/mathscinet-getitem?mr=0468014
http://www.ams.org/mathscinet-getitem?mr=2791669
https://doi.org/10.1214/10-STS330
http://www.ams.org/mathscinet-getitem?mr=2677722
https://doi.org/10.1007/s11749-010-0197-z
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=2738784
http://www.ams.org/mathscinet-getitem?mr=2410008
https://doi.org/10.1093/biomet/asm053
https://doi.org/10.1109/TNNLS.2012.2200299
https://doi.org/10.1214/10-STS330

The Annals of Applied Statistics

2021, Vol. 15, No. 2, 971-997
https://doi.org/10.1214/20-A0OAS 1419

© Institute of Mathematical Statistics, 2021

EFFICIENT BAYESIAN INFERENCE OF GENERAL GAUSSIAN MODELS
ON LARGE PHYLOGENETIC TREES

By PAUL BASTIDE!, LAM S1 TUNG HO?, GUY BAELE>", PHILIPPE LEMEY>T AND
MARC A. SUCHARD?*

LIMAG, CNRS, Université de Montpellier, paul.bastide @umontpellier.fr
2Department of Mathematics and Statistics, Dalhousie University, lam.ho@dal.ca
3Department of Microbiology, Immunology c{nd Transplantation, Rega Institute, KU Leuven, * guy.baele@kuleuven.be;
" philippe.lemey @kuleuven.be

4Departments of Biostatistics, Biomathematics, and Human Genetics, University of California, Los Angeles,
msuchard@ucla.edu

Phylogenetic comparative methods correct for shared evolutionary his-
tory among a set of nonindependent organisms by modeling sample traits as
arising from a diffusion process along the branches of a possibly unknown
history. To incorporate such uncertainty, we present a scalable Bayesian in-
ference framework under a general Gaussian trait evolution model that ex-
ploits Hamiltonian Monte Carlo (HMC). HMC enables efficient sampling of
the constrained model parameters and takes advantage of the tree structure
for fast likelihood and gradient computations, yielding algorithmic complex-
ity linear in the number of observations. This approach encompasses a wide
family of stochastic processes, including the general Ornstein—Uhlenbeck
(OU) process, with possible missing data and measurement errors. We im-
plement inference tools for a biologically relevant subset of all these models
into the BEAST phylogenetic software package and develop model compari-
son through marginal likelihood estimation. We apply our approach to study
the morphological evolution in the superfamily of Musteloidea (including
weasels and allies) as well as the heritability of HIV virulence. This second
problem furnishes a new measure of evolutionary heritability that demon-
strates its utility through a targeted simulation study.
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Transcriptome-wide association studies based on genetically predicted
gene expression have the potential to identify novel regions associated with
various complex traits. It has been shown that incorporating expression quan-
titative trait loci (eQTLs) corresponding to multiple tissue types can im-
prove power for association studies involving complex etiology. In this ar-
ticle we propose a new multivariate response linear regression model and
method for predicting gene expression in multiple tissues simultaneously.
Unlike existing methods for multitissue joint eQTL mapping, our approach
incorporates tissue-tissue expression correlation which allows us to more effi-
ciently handle missing expression measurements and to more accurately pre-
dict gene expression using a weighted summation of eQTL genotypes. We
show through simulation studies that our approach performs better than the
existing methods in many scenarios. We use our method to estimate eQTL
weights for 29 tissues collected by GTEX, and show that our approach sig-
nificantly improves expression prediction accuracy compared to competi-
tors. Using our eQTL weights, we perform a multitissue-based S-MultiXcan
(PLoS Genet. 15 (2019) e1007889) transcriptome-wide association study
and show that our method leads to more discoveries in novel regions and
more discoveries overall than the existing methods. Estimated eQTL weights
and code for implementing the method are available for download online at
github.com/ajmolstad/MTeQTLResults.
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There has been a long-standing interest in the analysis of university pro-
fessor salary data. The vast majority of the publications on the topic employ
linear regression models in an attempt to predict individual salaries. Indeed,
the administration of any academic institution is interested in adequately
compensating the faculty to attract and keep the best specialists available on
the market. However, higher administration and legislators are not concerned
with the matter of individual compensation and need to have a bigger pic-
ture for developing university strategies and policies. This paper is the first
attempt to model university compensation data at the institutional level. The
analysis of university salary patterns is a challenging problem due to the het-
erogeneous, skewed, multiway and temporal nature of the data. This paper
aims at addressing all the above-mentioned issues by proposing a novel ten-
sor regression mixture model and applying it to the data set obtained from
the American Association of University Professors. The utility of the devel-
oped model is illustrated on addressing several important questions related to
gender equity and peer institution comparison.
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Statistical models of community-level homeless rates typically assume a
linear relationship to covariates. This linear model assumption precludes the
possibility of inflection points in homeless rates—thresholds in quantifiable
metrics of a community that, once breached, are associated with large in-
creases in homelessness. In this paper we identify points of structural change
in the relationship between homeless rates and community-level measures of
housing affordability and extreme poverty. We utilize the Ewens—Pitman at-
traction (EPA) distribution to develop a Bayesian nonparametric regression
model in which clusters of communities with similar covariates share com-
mon patterns of variation in homeless rates. A main finding of the study is
that the expected homeless rate in a community begins to quickly increase
once median rental costs exceed 30% of median income, providing a statis-
tical link between homelessness and the U.S. government’s definition of a
housing cost burden. Our analysis also identifies clusters of communities that
exhibit distinct geographic patterns and yields insight into the homelessness
and housing affordability crisis unfolding on both coasts of the United States.
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Cross-sectional length-biased data arise from questions on the at-risk
time for an event of interest from those who are at risk but have yet to ex-
perience the event. For example, in the National Survey on Family Growth
(NSFG) women, who were currently attempting to become pregnant, were
asked how long they had been attempting pregnancy. Cross-sectional survival
analysis methods use the observed at-risk times to make inference on the dis-
tribution of the unobserved time-to-failure. However, methodological gaps in
these methods remain such as how to handle semicompeting risks. For exam-
ple, if the women attempting pregnancy had undergone fertility treatment dur-
ing their current pregnancy attempt. In this paper we develop statistical meth-
ods that extend cross-sectional survival analysis methods to incorporate semi-
competing risks. They can be used to estimate the distribution of the length
of natural pregnancy attempts (i.e., without fertility treatment) while correctly
accounting for women that sought fertility treatment prior to being sampled
using cross-sectional data. We demonstrate our approach based on simulated
data and an analysis of data from the NSFG. The proposed method results in
separate survival curves for time-to-natural-pregnancy, time-to-fertility treat-
ment and time-to-pregnancy after fertility treatment.
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Surveys designed to collect data on similar variables using samples rep-
resenting the same population may still result in different estimates due, for
example, to differences in sample designs or modes of data collection. Con-
sidered in this paper is the case where two surveys were conducted concur-
rently, with one using the same methodology as used in prior rounds of the
survey and the other using an updated methodology, resulting in substan-
tial differences in several key estimates. Due to differences in sample size,
only the latter survey was detailed enough for disaggregated-level estimates
of publishable quality. We propose a hierarchical model to account for dis-
crepancies in the estimates from the two surveys and a Bayesian approach
for producing reliable estimates at various levels of aggregation. The model
relies on a common latent structure at the disaggregated level to allow “bridg-
ing” between the two surveys. The methodology is applied to the 2016 Na-
tional Survey of Fishing, Hunting and Wildlife-Associated Recreation and the
2016 50-State Surveys of Fishing, Hunting and Wildlife-Related Recreation.
Aligning these two surveys is critical to extend the series of related statistics
that have been published since 1955, allowing for meaningful comparisons
over time despite the change in survey methodology.
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