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STATISTICAL METHODS FOR REPLICABILITY ASSESSMENT

BY KENNETH HUNG! AND WILLIAM FITHIAN?Z

lDepartment of Mathematics, University of California, Berkeley, kenhung @ berkeley.edu
2Department of Statistics, University of California, Berkeley, wfithian @berkeley.edu

Large-scale replication studies like the Reproducibility Project: Psychol-
ogy (RP:P) provide invaluable systematic data on scientific replicability, but
most analyses and interpretations of the data fail to agree on the definition
of “replicability” and disentangle the inexorable consequences of known se-
lection bias from competing explanations. We discuss three concrete defini-
tions of replicability based on: (1) whether published findings about the signs
of effects are mostly correct, (2) how effective replication studies are in re-
producing whatever true effect size was present in the original experiment
and (3) whether true effect sizes tend to diminish in replication. We apply
techniques from multiple testing and postselection inference to develop new
methods that answer these questions while explicitly accounting for selection
bias. Our analyses suggest that the RP:P dataset is largely consistent with
publication bias due to selection of significant effects. The methods in this
paper make no distributional assumptions about the true effect sizes.
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EFFICIENCY IN LUNG TRANSPLANT ALLOCATION STRATEGIES
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Currently in the United States, lung transplantations are allocated to can-
didates according to each candidate’s lung allocation score (LAS). The LAS
is an ad hoc ranking system for patients’ priorities of transplantation. The
goal of this study is to develop a framework for improving patients’ life ex-
pectancies over the LAS based on a comprehensive modeling of the lung
transplantation waiting list. Patients and organs are modeled as arriving ac-
cording to Poisson processes, patients’ health status evolving a waiting time
inhomogeneous Markov process until death or transplantation, with organ
recipient’s expected post-transplant residual life depending on waiting time
and health status at transplantation. Under allocation rules satisfying min-
imal fairness requirements, the long-term average expected life converges,
and its limit is a natural standard for comparing allocation strategies. Via the
Hamilton—Jacobi—Bellman equations, upper bounds for the limiting average
expected life are derived as a function of organ availability. Corresponding to
each upper bound is an allocable set of (state, time) pairs at which patients
would be optimally transplanted. The allocable set expands monotonically as
organ availability increases which motivates the development of an allocation
strategy that leads to long-term expected life close to the upper bound. Sim-
ulation studies are conducted with model parameters estimated from national
lung transplantation data. Results suggest that, compared to the LAS, the pro-
posed allocation strategy could provide a 7.7% increase in average total life.
We further extend the results to the allocation and matching of multiple organ

types.
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MARKOV DECISION PROCESSES WITH DYNAMIC TRANSITION
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In this paper we model basketball plays as episodes from team-specific
nonstationary Markov decision processes (MDPs) with shot clock depen-
dent transition probabilities. Bayesian hierarchical models are employed in
the modeling and parametrization of the transition probabilities to borrow
strength across players and through time. To enable computational feasi-
bility, we combine lineup-specific MDPs into team-average MDPs using a
novel transition weighting scheme. Specifically, we derive the dynamics of
the team-average process such that the expected transition count for an ar-
bitrary state-pair is equal to the weighted sum of the expected counts of the
separate lineup-specific MDPs.

We then utilize these nonstationary MDPs in the creation of a basket-
ball play simulator with uncertainty propagated via posterior samples of the
model components. After calibration, we simulate seasons both on-policy and
under altered policies and explore the net changes in efficiency and produc-
tion under the alternate policies. Additionally, we discuss the game-theoretic
ramifications of testing alternative decision policies.
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In the analysis of pooled data from multiple studies involving a
biomarker exposure, the biomarker measurements can vary across labora-
tories and usually require calibration to a reference assay prior to pooling.
Previous researches consider the measurements from a reference laboratory
as the gold standard, even though measurements in the reference laboratory
are not necessarily closer to the underlying truth in reality. In this paper we do
not treat any laboratory measurements as the gold standard, and we develop
two statistical methods, the exact calibration and cut-off calibration methods,
for the analysis of aggregated categorical biomarker data. We compare the
performance of both methods for estimating the biomarker-disease relation-
ship under a random sample or controls-only calibration design. Our findings
include: (1) the exact calibration method provides significantly less biased es-
timates and more accurate confidence intervals than the other method; (2) the
cut-off calibration method could yield estimates with minimal bias and valid
confidence intervals under small measurement errors and/or small exposure
effects; (3) controls-only calibration design can result in additional bias, but
the bias is minimal if the exposure effects and/or disease prevalences are
small. Finally, we illustrate the methods in an application evaluating the rela-
tionship between circulating vitamin D levels and colorectal cancer risk in a
pooling project.
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Robotic hand prostheses require a controller to decode muscle contrac-
tion information, such as electromyogram (EMG) signals, into the user’s de-
sired hand movement. State-of-the-art decoders demand extensive training,
require data from a large number of EMG sensors and are prone to poor pre-
dictions. Biomechanical models of a single movement degree-of-freedom tell
us that relatively few muscles, and, hence, fewer EMG sensors are needed to
predict movement. We propose a novel decoder based on a dynamic, func-
tional linear model with velocity or acceleration as its response and the re-
cent past EMG signals as functional covariates. The effect of each EMG sig-
nal varies with the recent position to account for biomechanical features of
hand movement, increasing the predictive capability of a single EMG signal
compared to existing decoders. The effects are estimated with a multistage,
adaptive estimation procedure that we call Sequential Adaptive Functional
Estimation (SAFE). Starting with 16 potential EMG sensors, our method cor-
rectly identifies the few EMG signals that are known to be important for an
able-bodied subject. Furthermore, the estimated effects are interpretable and
can significantly improve understanding and development of robotic hand
prostheses.
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ACTIVE MATRIX FACTORIZATION FOR SURVEYS

BY CHELSEA ZHANG"", SEAN J. TAYLOR?, CURTISS COBB> AND JASJEET SEKHON!T

lDepartment of Statistics, University of California, Berkeley, *cyz@berkeley.edu; Tsekhon@berkeley. edu
2Lyft, Inc., seanjtaylor@ gmail.com
3 Facebook, Inc., ccobb @fb.com

Amid historically low response rates, survey researchers seek ways to
reduce respondent burden while measuring desired concepts with precision.
We propose to ask fewer questions of respondents and impute missing re-
sponses via probabilistic matrix factorization. A variance-minimizing active
learning criterion chooses the most informative questions per respondent. In
simulations of our matrix sampling procedure on real-world surveys as well
as a Facebook survey experiment, we find active question selection achieves
efficiency gains over baselines. The reduction in imputation error is hetero-
geneous across questions and depends on the latent concepts they capture.
Modeling responses with the ordered logit likelihood improves imputations
and yields an adaptive question order. We find for the Facebook survey that
potential biases from order effects are likely to be small. With our method,
survey researchers obtain principled suggestions of questions to retain and, if
desired, can automate the design of shorter instruments.
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In 2020, our understanding of the distributions of HIV risks in the most
burdened settings, including eSwatini, remains limited. In part, this is driven
by the limited availability of the size and burden of the populations at the
greatest risk for HIV. Given pervasive social and healthcare stigmas, the size
estimations of these populations often rely on the multiplier method—a vari-
ant of the capture-recapture approach where the first survey is replaced by
an enumeration of population members who used some service or attended
an event. To characterize the distributions of marginalized communities in
eSwatini, multiple data sources are available at each region for the multiplier
method. Current practices in such circumstances produce multiple popula-
tion size estimates at each region ignoring the correlation among these esti-
mates. We recast the multiple multiplier method as a special case of capture-
recapture problem with incomplete data and propose a fully model based
approach for size estimation using multiple capture-recapture data with ar-
bitrary pattern of incompleteness. We use a data augmentation scheme that
allows us to model the correlations in the data and produce a unified estimate
of population size per region. A hierarchical model ties together the models
for multiple regions, allowing us to borrow strength across the regions and en-
abling extrapolation to areas without data. In eSwatini we also encounter data
misalignment where counts from some of the data sources are not available
for each region but as an aggregate over few regions. We propose a solution
to the general misalignment problem which considers data-source-specific
patterns of misalignment. We use simulation studies to demonstrate the accu-
rate inferential capabilities of our Bayesian multiplier method. This approach
is then used to produce uncertainty-quantified population size estimates of
key populations in eSwatini. Lastly, we propose a Bayesian nonparametric
extension for incomplete capture-recapture that allows nonindependent data
sources.
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Antineutrophil cytoplasmic antibody associated vasculitis (AAV) is ex-
tremely heterogeneous in clinical presentation and involves multiple organ
systems. While the clinical presentation of AAV is diverse, we hypothe-
sized that all AAV share common pathways and tested the hypothesis based
on three different microarray studies of peripheral leukocytes, sinus and or-
bital inflammation disease. For the hypothesis testing we developed a two-
component semiparametric mixture model to estimate the local false discov-
ery rates from the p-values of three studies. The two pillars of the proposed
approach are Efron’s empirical null principle and log-concave density esti-
mation for the alternative distribution. Our method outperforms other existing
methods, in particular when the proportion of null is not that high. It is ro-
bust against the misspecification of alternative distribution. A unique feature
of our method is that it can be extended to compute the local false discovery
rates by combining multiple lists of p-values.
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Motivated by an example from remote sensing of gas emission sources,
we derive two novel change-point procedures for multivariate time series
where, in contrast to classical change-point literature, the changes are not
required to be aligned in the different components of the time series. Instead,
the change points are described by a functional relationship where the pre-
cise shape depends on unknown parameters of interest such as the source of
the gas emission in the above example. Two different types of tests and the
corresponding estimators for the unknown parameters describing the change
locations are proposed. We derive the null asymptotics for both tests under
weak assumptions on the error time series and show asymptotic consistency
under alternatives. Furthermore, we prove consistency for the corresponding
estimators of the parameters of interest. The small-sample behavior of the
methodology is assessed by means of a simulation study, and the above re-
mote sensing example analyzed in detail.
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Hate speech is ubiquitous on the Web. Recently, the offline causes that
contribute to online hate speech have received increasing attention. A recur-
ring question is whether the occurrence of extreme events offline systemati-
cally triggers bursts of hate speech online, indicated by peaks in the volume of
hateful social media posts. Formally, this question translates into measuring
the association between a sparse event series and a time series. We propose
a novel statistical methodology to measure, test and visualize the system-
atic association between rare events and peaks in a time series. In contrast to
previous methods for causal inference or independence tests on time series,
our approach focuses only on the timing of events and peaks and no other
distributional characteristics. We follow the framework of event coincidence
analysis (ECA) that was originally developed to correlate point processes.
We formulate a discrete-time variant of ECA and derive all required distri-
butions to enable analyses of peaks in time series with a special focus on
serial dependencies and peaks over multiple thresholds. The analysis gives
rise to a novel visualization of the association via quantile-trigger rate plots.
We demonstrate the utility of our approach by analyzing whether Islamist
terrorist attacks in Western Europe and North America systematically trigger
bursts of hate speech and counter-hate speech on Twitter.
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Community Question Answering (CQA) websites are widely used in
sharing knowledge, where users can ask questions, reply answers and eval-
uate answers. So far, the evaluation of answers has been explained by the
contents of answers through the investigation of users’ topics of interest and
expertise levels. In this paper we focus on modeling the user’s evaluation be-
havior, in that users can see the answerer’s profile as well as the answer con-
tent before evaluating the quality of the answer. We propose a model called
Popularity-based Topical Expertise Model (PTEM), a generative model to
analyze the rich-get-richer phenomenon that popular user’s answers are more
recommended. We can simultaneously estimate the topical expertise of each
user and the strength of the rich-get-richer effect through the EM algorithm
combined with collapsed Gibbs sampling. Experiments are performed on
the StackExchange data, and the results demonstrate a rich-get-richer phe-
nomenon in the community. We further discuss the superiority and usefulness
of the proposed model through analysis in the discipline of philosophy.
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This paper develops tools to characterize how species are affected by
environmental variability, based on a functional single index model relating
a response such as growth rate to environmental conditions. In ecology the
curvature of such responses are used, via Jensen’s inequality, to determine
whether environmental variability is harmful or beneficial, and differing non-
linear responses to environmental variability can contribute to the coexistence
of competing species.

Here, we address estimation and inference for these models with obser-
vational data on individual responses to environmental conditions. Because
nonparametric estimation of the curvature (second derivative) in a nonpara-
metric functional single index model requires unrealistic sample sizes, we
instead focus on directly estimating the effect of the nonlinearity by compar-
ing the average response to a variable environment with the response at the
expected environment, which we call the Jensen Effect. We develop a test
statistic to assess whether this effect is significantly different from zero. In
doing so we reinterpret the SiZer method of Chaudhuri and Marron (J. Amer.
Statist. Assoc. 94 (1999) 807-823) by maximizing a test statistic over smooth-
ing parameters. We show that our proposed method works well both in sim-
ulations and on real ecological data from the long-term data set described in
Drake (Proc. R. Soc. Lond., B Biol. Sci. 272 (2005) 1823-1827).
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Numerical climate models are complex and combine a large number of
physical processes. They are key tools in quantifying the relative contribution
of potential anthropogenic causes (e.g., the current increase in greenhouse
gases) on high-impact atmospheric variables like heavy rainfall. These so-
called climate extreme event attribution problems are particularly challenging
in a multivariate context, that is, when the atmospheric variables are measured
on a possibly high-dimensional grid.

In this paper we leverage two statistical theories to assess causality in the
context of multivariate extreme event attribution. As we consider an event to
be extreme when at least one of the components of the vector of interest is
large, extreme-value theory justifies, in an asymptotical sense, a multivariate
generalized Pareto distribution to model joint extremes. Under this class of
distributions, we derive and study probabilities of necessary and sufficient
causation as defined by the counterfactual theory of Pearl. To increase causal
evidence, we propose a dimension reduction strategy based on the optimal
linear projection that maximizes such causation probabilities. Our approach
is tested on simulated examples and applied to weekly winter maxima pre-
cipitation outputs of the French CNRM from the recent CMIP6 experiment.
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Saudi Arabia has recently begun promoting renewable energy as a poten-
tial alternative to fossil fuels for domestic power generation. In order to effi-
ciently connect wind energy to the existing power grids, reliable wind fore-
casts and an accurate way of quantifying the uncertainties of these forecasts
are required. Motivated by a data set of hourly wind speeds from 28 stations
in Saudi Arabia, we build spatiotemporal models for short-term probabilistic
forecasts of wind vectors. Traditionally, wind speed and wind direction have
been considered independently, without taking dependencies into account.
However, in many situations, for example, energy management, it is essen-
tial to have information on the bivariate nature of the wind. We compare a
coregionalization model for the wind vector with a univariate spatiotemporal
model for the transformed wind speed in terms of sharpness and calibration.
In both cases the linear predictor is a function of covariates, a smooth func-
tion to capture the daily seasonality in the wind and a latent Gaussian field
to model the spatial and temporal dependencies. Substantial improvements
in reliability are observed when modelling the full bivariate structure instead
of only considering speed. Furthermore, the bivariate model has the advan-
tage of also producing forecasts for the wind direction. A Bayesian frame-
work is used to obtain forecasts that are accurate and reliable, even at stations
without observations, with relatively low computational cost. Simulated high-
resolution data from a computer model are used to validate spatiotemporal
forecasts. A detailed analysis on this case study shows how increasing the
number of locations can improve the forecast performance.

REFERENCES

ACKERMANN and THOMAS (2005). Wind Power in Power Systems. Wiley, New York.

ALEXIADIS, M., DOKOPOULOS, P. and SAHSAMANOGLOU, H. (1999). Wind speed and power forecasting based
on spatial correlation models. IEEE Trans. Energy Convers. 14 836-842.

BAKKA, H., RUE, H., FUGLSTAD, G.-A., RIEBLER, A., BOLIN, D., ILLIAN, J., KRAINSKI, E., SIMPSON, D.
and LINDGREN, F. (2018). Spatial modeling with R-INLA: A review. Wiley Interdiscip. Rev.: Comput. Stat.
10 e1443, 24. MR3873676 https://doi.org/10.1002/wics.1443

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

BREMNES, J. B. (2004). Probabilistic wind power forecasts using local quantile regression. Wind Energy 7 47-54.

CAMELETTI, M., LINDGREN, F., SIMPSON, D. and RUE, H. (2013). Spatio-temporal modeling of partic-
ulate matter concentration through the SPDE approach. AStA Adv. Stat. Anal. 97 109-131. MR3045763
https://doi.org/10.1007/s10182-012-0196-3

CHEN, W., CASTRUCCIO, S., GENTON, M. G. and CRIPPA, P. (2018). Current and future estimates of wind
energy potential over Saudi Arabia. J. Geophys. Res., Atmos. 123 6443—6459.

CRESSIE, N. (1992). Statistics for spatial data. Terra Nova 4 613-617.

CRESSIE, N. and WIKLE, C. K. (2015). Statistics for Spatio-Temporal Data. Wiley Series in Probability and
Statistics. Wiley, Hoboken, NJ. MR2848400

DAWID, A. P. (1984). Present position and potential developments: Some personal views statistical theory the
prequential approach. J. R. Stat. Soc., A 147 278-290.

Key words and phrases. Integrated nested Laplace approximation, linear model of coregionalization, proba-
bilistic forecast, spatiotemporal modeling, wind vector.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1347
http://www.imstat.org
mailto:lenzi.amanda88@gmail.com
mailto:marc.genton@kaust.edu.sa
http://www.ams.org/mathscinet-getitem?mr=3873676
https://doi.org/10.1002/wics.1443
http://www.ams.org/mathscinet-getitem?mr=3362184
http://www.ams.org/mathscinet-getitem?mr=3045763
https://doi.org/10.1007/s10182-012-0196-3
http://www.ams.org/mathscinet-getitem?mr=2848400

DiEBOLD, F. X., GUNTHER, T. A. and TAY, A. S. (1998). Evaluating density forecasts with applications to
financial risk management. Internat. Econom. Rev. 39 863—883.

DOWELL, J. and PINSON, P. (2016). Very-short-term probabilistic wind power forecasts by sparse vector autore-
gression. IEEE Trans. Smart Grid T 763-770.

DOWELL, J., WEISS, S., HILL, D. and INFIELD, D. (2014). Short-term spatiotemporal prediction of wind speed
and direction. Wind Energy 17 1945-1955.

EIDE, S. S., BREMNES, J. B. and STEINSLAND, I. (2017). Bayesian model averaging for wind speed ensemble
forecasts using wind speed and direction. Weather Forecast. 32 2217-2227.

EzzAT, A. A., JUN, M. and DING, Y. (2018). Spatio-temporal asymmetry of local wind fields and its impact on
short-term wind forecasting. IEEE Trans. Sustain. Energy 9 1437-1447.

FUGLSTAD, G.-A., SIMPSON, D., LINDGREN, F. and RUE, H. (2015). Does non-stationary spatial data always
require non-stationary random fields? Spat. Stat. 14 505-531. MR3431054 https://doi.org/10.1016/j.spasta.
2015.10.001

FUGLSTAD, G.-A., SIMPSON, D., LINDGREN, F. and RUE, H. (2019). Constructing priors that penalize the
complexity of Gaussian random fields. J. Amer. Statist. Assoc. 114 445-452. MR3941267 https://doi.org/10.
1080/01621459.2017.1415907

GELFAND, A. E., SCHMIDT, A. M., BANERIJEE, S. and SIRMANS, C. F. (2004). Nonstationary multivariate pro-
cess modeling through spatially varying coregionalization. TEST 13 263-312. MR2154003 https://doi.org/10.
1007/BF02595775

GENTON, M. G. (2007). Separable approximations of space-time covariance matrices. Environmetrics 18 681—
695. MR2408938 https://doi.org/10.1002/env.854

GENTON, M. G. and KLEIBER, W. (2015). Cross-covariance functions for multivariate geostatistics. Statist. Sci.
30 147-163. MR3353096 https://doi.org/10.1214/14-STS487

GNEITING, T., BALABDAOUI, F. and RAFTERY, A. E. (2007). Probabilistic forecasts, calibration and sharpness.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 69 243-268. MR2325275 https://doi.org/10.1111/j.1467-9868.2007.
00587.x

GRIMIT, E. P., GNEITING, T., BERROCAL, V. and JOHNSON, N. A. (2006). The continuous ranked probability
score for circular variables and its application to mesoscale forecast ensemble verification. Q. J. R. Meteorol.
Soc. 132 2925-2942.

HASLETT, J. and RAFTERY, A. E. (1989). Space-time modelling with long-memory dependence: Assessing
Ireland’s wind power resource. J. R. Stat. Soc. Ser. C. Appl. Stat. 38 1-21.

HERING, A. S. and GENTON, M. G. (2010). Powering up with space-time wind forecasting. J. Amer. Statist.
Assoc. 105 92-104. MR2757195 https://doi.org/10.1198/jasa.2009.ap08117

HERING, A. S. and GENTON, M. G. (2011). Comparing spatial predictions. Technometrics 53 414—425.
MR2850473 https://doi.org/10.1198/TECH.2011.10136

HIIMANS, R. J. (2017). raster: Geographic data analysis and modeling. R package version 2.6-7.

INGEBRIGTSEN, R., LINDGREN, F. and STEINSLAND, I. (2014). Spatial models with explanatory variables in
the dependence structure. Spat. Stat. 8§ 20-38. MR3326819 https://doi.org/10.1016/j.spasta.2013.06.002

JONES, R. H. and ZHANG, Y. (1997). Models for continuous stationary space-time processes. In Modelling
Longitudinal and Spatially Correlated Data 289-298. Springer, Berlin.

KOUROUNIS, D., FUCHS, A. and SCHENK, O. (2018). Toward the next generation of multiperiod optimal power
flow solvers. IEEE Trans. Power Syst. 33 4005-4014.

KRAINSKI, E. T. (2018). Statistical analysis of space-time data: New models and applications. Ph.D. thesis,
Norwegian Univ. Science and Technology (NTNU).

KRAINSKI, E. T., GOMEZ-RUBIO, V., BAKKA, H., LENZI, A., CASTRO-CAMILO, D., SIMPSON, D., LIND-
GREN, F. and RUE, H. (2019). Advanced Spatial Modeling with Stochastic Partial Differential Equations
Using R and INLA. CRC Press, Boca Raton. Github version www.r-inla.org/spde-book.

LAU, A. and MCSHARRY, P. (2010). Approaches for multi-step density forecasts with application to aggregated
wind power. Ann. Appl. Stat. 4 1311-1341. MR2758330 https://doi.org/10.1214/09- AOAS320

LENzI, A. and GENTON, M. G. (2020). Supplement to “Spatiotemporal probabilistic wind vector forecasting
over Saudi Arabia.” https://doi.org/10.1214/20- AOAS1347SUPP

LINDGREN, F., RUE, H. and LINDSTROM, J. (2011). An explicit link between Gaussian fields and Gaussian
Markov random fields: The stochastic partial differential equation approach. J. R. Stat. Soc. Ser. B. Stat.
Methodol. 73 423-498. With discussion and a reply by the authors. MR2853727 https://doi.org/10.1111/j.
1467-9868.2011.00777.x

MANDIC, D. P, GOH, S. L. and ATHARA, K. (2005). Sequential data fusion via vector spaces: Complex modular
neural network approach. In Machine Learning for Signal Processing, 2005 IEEE Workshop on 147-151.

MATHERON, G. (1982). Pour une analyse krigeante des données régionalisées. Report N-732, Fontainebleau,
Centre de Géostatistique.


http://www.ams.org/mathscinet-getitem?mr=3431054
https://doi.org/10.1016/j.spasta.2015.10.001
http://www.ams.org/mathscinet-getitem?mr=3941267
https://doi.org/10.1080/01621459.2017.1415907
http://www.ams.org/mathscinet-getitem?mr=2154003
https://doi.org/10.1007/BF02595775
http://www.ams.org/mathscinet-getitem?mr=2408938
https://doi.org/10.1002/env.854
http://www.ams.org/mathscinet-getitem?mr=3353096
https://doi.org/10.1214/14-STS487
http://www.ams.org/mathscinet-getitem?mr=2325275
https://doi.org/10.1111/j.1467-9868.2007.00587.x
http://www.ams.org/mathscinet-getitem?mr=2757195
https://doi.org/10.1198/jasa.2009.ap08117
http://www.ams.org/mathscinet-getitem?mr=2850473
https://doi.org/10.1198/TECH.2011.10136
http://www.ams.org/mathscinet-getitem?mr=3326819
https://doi.org/10.1016/j.spasta.2013.06.002
http://www.r-inla.org/spde-book
http://www.ams.org/mathscinet-getitem?mr=2758330
https://doi.org/10.1214/09-AOAS320
https://doi.org/10.1214/20-AOAS1347SUPP
http://www.ams.org/mathscinet-getitem?mr=2853727
https://doi.org/10.1111/j.1467-9868.2011.00777.x
https://doi.org/10.1016/j.spasta.2015.10.001
https://doi.org/10.1080/01621459.2017.1415907
https://doi.org/10.1007/BF02595775
https://doi.org/10.1111/j.1467-9868.2007.00587.x
https://doi.org/10.1111/j.1467-9868.2011.00777.x

MOHANDES, M. A., REHMAN, S. and HALAWANI, T. O. (1998). A neural networks approach for wind speed
prediction. Renew. Energy 13 345-354.

MOHANDES, M. A., HALAWANI, T. O., REHMAN, S. and HUSSAIN, A. A. (2004). Support vector machines
for wind speed prediction. Renew. Energy 29 939-947.

M@LLER, J. K., NIELSEN, H. A. and MADSEN, H. (2008). Time-adaptive quantile regression. Comput. Statist.
Data Anal. 52 1292-1303. MR2418566 https://doi.org/10.1016/j.csda.2007.06.027

MUNOZ, F., PENNINO, M. G., CONESA, D., LOPEZ-QUILEZ, A. and BELLIDO, J. M. (2013). Estimation and
prediction of the spatial occurrence of fish species using Bayesian latent Gaussian models. Stoch. Environ. Res.
Risk Assess. 27 1171-1180.

PINSON, P. (2012). Adaptive calibration of (u, v)-wind ensemble forecasts. Q. J. R. Meteorol. Soc. 138 1273—
1284.

PINSON, P. and KARINIOTAKIS, G. (2010). Conditional prediction intervals of wind power generation. /[EEE
Trans. Power Syst. 25 1845-1856.

PINSON, P. and MADSEN, H. (2009). Ensemble-based probabilistic forecasting at Horns Rev. Wind Energy 12
137-155.

PINSON, P. and MADSEN, H. (2012). Adaptive modelling and forecasting of offshore wind power fluctuations
with Markov-switching autoregressive models. J. Forecast. 31 281-313. MR2924797 https://doi.org/10.1002/
for.1194

PINSON, P., MCSHARRY, P. and MADSEN, H. (2010). Reliability diagrams for non-parametric density forecasts
of continuous variables: Accounting for serial correlation. Q. J. R. Meteorol. Soc. 136 77-90.

REHMAN, S. and AHMAD, A. (2004). Assessment of wind energy potential for coastal locations of the Kingdom
of Saudi Arabia. Energy 29 1105-1115.

REHMAN, S., EL-AMIN, 1., AHMAD, F., SHAAHID, S., AL-SHEHRI, A. and BAKHASHWAIN, J. (2007). Wind
power resource assessment for Rafha, Saudi Arabia. Renew. Sustain. Energy Rev. 11 937-950.

RIENECKER, M. M., SUAREzZ, M. J., GELARO, R., TODLING, R., BACMEISTER, J., Liu, E.,
BoSILOVICH, M. G., SCHUBERT, S. D., TAKACS, L. et al. (2011). MERRA: NASA’s modern-era retro-
spective analysis for research and applications. J. Climate 24 3624-3648.

RUE, H., MARTINO, S. and CHOPIN, N. (2009). Approximate Bayesian inference for latent Gaussian mod-
els by using integrated nested Laplace approximations. J. R. Stat. Soc. Ser. B. Stat. Methodol. 71 319-392.
MR2649602 https://doi.org/10.1111/j.1467-9868.2008.00700.x

SCHMIDT, A. M. and GELFAND, A. E. (2003). A Bayesian coregionalization approach for multivariate pollutant
data. J. Geophys. Res., Atmos. 108.

SCHUHEN, N., THORARINSDOTTIR, T. L. and GNEITING, T. (2012). Ensemble model output statistics for wind
vectors. Mon. Weather Rev. 140 3204-3219.

SHAAHID, S., AL-HADHRAMI, L. M. and RAHMAN, M. (2014). Potential of establishment of wind farms in
western province of Saudi Arabia. Energy Proc. 52 497-505.

SIMPSON, D., RUE, H., RIEBLER, A., MARTINS, T. G. and S@RBYE, S. H. (2017). Penalising model compo-
nent complexity: A principled, practical approach to constructing priors. Statist. Sci. 32 1-28. MR3634300
https://doi.org/10.1214/16-STS576

SLOUGHTER, J., GNEITING, T. and RAFTERY, A. E. (2013). Probabilistic wind vector forecasting using ensem-
bles and Bayesian model averaging. Mon. Weather Rev. 141 2107-2119.

TAGLE, F., CASTRUCCIO, S. and GENTON, M. G. (2020). A hierarchical bi-resolution spatial skew-¢# model.
Spat. Stat. 35 100398.

VAN NIEKERK, J., BAKKA, H., RUE, H. and SCHENK, L. (2019). New frontiers in Bayesian modeling using the
INLA package in R. Preprint. Available at arXiv:1907.10426.

VISION2030 (2018). Available at http://vision2030.gov.sa/en/node/87. Accessed: 2018-07-23.

WEISSER, D. and FOXON, T. (2003). Implications of seasonal and diurnal variations of wind velocity for power
output estimation of a turbine: A case study of Grenada. Int. J. Energy Res. 27 1165-1179.

Yip, C. M. A. (2018). Statistical characteristics and mapping of near-surface and elevated wind resources in the
Middle East. Ph.D. thesis, King Abdullah Univ. Science and Technology (KAUST).

Yi1p, C. M. A., GUNTURU, U. B. and STENCHIKOV, G. L. (2016). Wind resource characterization in the Arabian
Peninsula. Appl. Energy 164 826-836.


http://www.ams.org/mathscinet-getitem?mr=2418566
https://doi.org/10.1016/j.csda.2007.06.027
http://www.ams.org/mathscinet-getitem?mr=2924797
https://doi.org/10.1002/for.1194
http://www.ams.org/mathscinet-getitem?mr=2649602
https://doi.org/10.1111/j.1467-9868.2008.00700.x
http://www.ams.org/mathscinet-getitem?mr=3634300
https://doi.org/10.1214/16-STS576
http://arxiv.org/abs/arXiv:1907.10426
http://vision2030.gov.sa/en/node/87
https://doi.org/10.1002/for.1194

The Annals of Applied Statistics

2020, Vol. 14, No. 3, 1379-1408
https://doi.org/10.1214/19-A0OAS1321

© Institute of Mathematical Statistics, 2020

QUANTIFYING TIME-VARYING SOURCES IN
MAGNETOENCEPHALOGRAPHY—A DISCRETE APPROACH

BY ZHIGANG YAO!", ZENGYAN FAN!T, MASAHITO HAYASHIZ AND
WiLLIAM F. EDDY?

]Department of Statistics and Applied Probability, National University of Singapore, *zhigang.yao@nus.edu.sg;
staf;@nus.edu.sg
2 Graduate School of Mathematics, Nagoya University, masahito @math.nagoya-u.ac.jp

3Departmem of Statistics, Carnegie Mellon University, bill@ stat.cmu.edu

We study the distribution of brain source from the most advanced brain
imaging technique, Magnetoencephalography (MEG) which measures the
magnetic fields outside of the human head produced by the electrical activity
inside the brain. Common time-varying source localization methods assume
the source current with a time-varying structure and solve the MEG inverse
problem by mainly estimating the source moment parameters. These methods
use the fact that the magnetic fields linearly depend on the moment parame-
ters of the source and work well under the linear dynamic system. However,
magnetic fields are known to be nonlinearly related to the location parameters
of the source. The existing work on estimating the time-varying unknown lo-
cation parameters is limited. We are motivated to investigate the source distri-
bution for the location parameters based on a dynamic framework, where the
posterior distribution of the source is computed in a closed form discretely.
The new framework allows us not only to directly approximate the posterior
distribution of the source current, where sequential sampling methods may
suffer from slow convergence due to the large volume of measurement, but
also to quantify the source distribution at any time point from the entire set
of measurements reflecting the distribution of the source, rather than using
only the measurements up to the time point of interest. Both a dynamic pro-
cedure and a switch procedure are pro- posed for the new discrete approach,
balancing estimation accuracy and computational efficiency when multiple
sources are present. In both simulation and real data, we illustrate that the
new method is able to provide comprehensive insight into the time evolution
of the sources at different stages of the MEG and EEG experiment.
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Missing attributes are ubiquitous in causal inference, as they are in most
applied statistical work. In this paper we consider various sets of assumptions
under which causal inference is possible despite missing attributes and dis-
cuss corresponding approaches to average treatment effect estimation, includ-
ing generalized propensity score methods and multiple imputation. Across
an extensive simulation study, we show that no single method systematically
outperforms others. We find, however, that doubly robust modifications of
standard methods for average treatment effect estimation with missing data
repeatedly perform better than their nondoubly robust baselines; for example,
doubly robust generalized propensity score methods beat inverse-weighting
with the generalized propensity score. This finding is reinforced in an anal-
ysis of an observational study on the effect on mortality of tranexamic acid
administration among patients with traumatic brain injury in the context of
critical care management. Here, doubly robust estimators recover confidence
intervals that are consistent with evidence from randomized trials, whereas
nondoubly robust estimators do not.
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Understanding the population-level effects of vaccines has important
public health policy implications. Inferring vaccine effects from an obser-
vational study is challenging because participants are not randomized to vac-
cine (i.e., treatment). Observational studies of infectious diseases present the
additional challenge that vaccinating one participant may affect another par-
ticipant’s outcome, that is, there may be interference. In this paper recent
approaches to defining vaccine effects in the presence of interference are
considered, and new causal estimands designed specifically for use with ob-
servational studies are proposed. Previously defined estimands target coun-
terfactual scenarios in which individuals independently choose to be vacci-
nated with equal probability. However, in settings where there is interference
between individuals within clusters, it may be unlikely that treatment selec-
tion is independent between individuals in the same cluster. The proposed
causal estimands instead describe counterfactual scenarios which allow for
within-cluster dependence in the individual treatment selections. These es-
timands may be more relevant for policy-makers or public health officials
who desire to quantify the effect of increasing the proportion of vaccinated
individuals in a population. Inverse probability-weighted estimators for these
estimands are proposed. The large-sample properties of the estimators are de-
rived, and a simulation study demonstrating the finite-sample performance of
the estimators is presented. The proposed methods are illustrated by analyz-
ing data from a study of cholera vaccination in over 100,000 individuals in
Bangladesh.
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When a latent shoeprint is discovered at a crime scene, forensic analysts
inspect it for distinctive patterns of wear such as scratches and holes (known
as accidentals) on the source shoe’s sole. If its accidentals correspond to those
of a suspect’s shoe, the print can be used as forensic evidence to place the sus-
pect at the crime scene. The strength of this evidence depends on the random
match probability—the chance that a shoe chosen at random would match
the crime scene print’s accidentals. Evaluating random match probabilities
requires an accurate model for the spatial distribution of accidentals on shoe
soles. A recent report by the President’s Council of Advisors in Science and
Technology criticized existing models in the literature, calling for new em-
pirically validated techniques. We respond to this request with a new spatial
point process model (code and synthetic data is available as Supplementary
Material) for accidental locations, developed within a hierarchical Bayesian
framework. We treat the tread pattern of each shoe as a covariate, allowing
us to pool information across large heterogeneous databases of shoes. Exist-
ing models ignore this information; our results show that including it leads to
significantly better model fit. We demonstrate this by fitting our model to one
such database.
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One of the major research questions regarding human microbiome stud-
ies is the feasibility of designing interventions that modulate the composition
of the microbiome to promote health and to cure disease. This requires ex-
tensive understanding of the modulating factors of the microbiome, such as
dietary intake, as well as the relation between microbial composition and
phenotypic outcomes, such as body mass index (BMI). Previous efforts have
modeled these data separately, employing two-step approaches that can pro-
duce biased interpretations of the results. Here, we propose a Bayesian joint
model that simultaneously identifies clinical covariates associated with mi-
crobial composition data and predicts a phenotypic response using informa-
tion contained in the compositional data. Using spike-and-slab priors, our
approach can handle high-dimensional compositional as well as clinical data.
Additionally, we accommodate the compositional structure of the data via
balances and overdispersion typically found in microbial samples. We apply
our model to understand the relations between dietary intake, microbial sam-
ples and BML. In this analysis we find numerous associations between micro-
bial taxa and dietary factors that may lead to a microbiome that is generally
more hospitable to the development of chronic diseases, such as obesity. Ad-
ditionally, we demonstrate on simulated data how our method outperforms
two-step approaches and also present a sensitivity analysis.

REFERENCES

AGUS, A., DENIZOT, J., THEVENOT, J., MARTINEZ-MEDINA, M., MASSIER, S., SAUVANET, P., BERNALIER-
DONADILLE, A., DENIS, S., HOFMAN, P. et al. (2016). Western diet induces a shift in microbiota composition
enhancing susceptibility to adherent-invasive E. coli infection and intestinal inflammation. Sci. Rep. 6 Art. ID
19032.

AITCHISON, J. (1986). The Statistical Analysis of Compositional Data. Monographs on Statistics and Applied
Probability. CRC Press, London. MR0865647 https://doi.org/10.1007/978-94-009-4109-0

ALBERT, J. H. and CHIB, S. (1993). Bayesian analysis of binary and polychotomous response data. J. Amer.
Statist. Assoc. 88 669—679. MR1224394

ANTONELLI, J., PARMIGIANI, G. and DOMINICI, F. (2019). High-dimensional confounding adjustment using
continuous spike and slab priors. Bayesian Anal. 14 825-848. MR3960772 https://doi.org/10.1214/18-BA1131

ARGIENTO, R., BIANCHINI, I. and GUGLIELMI, A. (2015). A priori truncation method for posterior sam-
pling from homogeneous normalized completely random measure mixture models. Preprint. Available at
arXiv:1507.04528.

BARBIERI, M. M. and BERGER, J. O. (2004). Optimal predictive model selection. Ann. Statist. 32 870-897.
MR2065192 https://doi.org/10.1214/009053604000000238

BOWYER, R. C. E., JACKSON, M. A., PALLISTER, T., SKINNER, J., SPECTOR, T. D., WELCH, A. A. and
STEVES, C. J. (2018). Use of dietary indices to control for diet in human gut microbiota studies. Microbiome
6 Art. ID 77. https://doi.org/10.1186/s40168-018-0455-y

Key words and phrases. Bayesian statistics, joint modeling, multivariate count data, prediction, variable selec-
tion.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1354
http://www.imstat.org
mailto:mkoslovsky12@gmail.com
mailto:marina@rice.edu
mailto:Kristi.Hoffman@bcm.edu
mailto:CDaniel@mdanderson.org
http://www.ams.org/mathscinet-getitem?mr=0865647
https://doi.org/10.1007/978-94-009-4109-0
http://www.ams.org/mathscinet-getitem?mr=1224394
http://www.ams.org/mathscinet-getitem?mr=3960772
https://doi.org/10.1214/18-BA1131
http://arxiv.org/abs/arXiv:1507.04528
http://www.ams.org/mathscinet-getitem?mr=2065192
https://doi.org/10.1214/009053604000000238
https://doi.org/10.1186/s40168-018-0455-y

BROWN, P. J., VANNUCCI, M. and FEARN, T. (1998). Multivariate Bayesian variable selection and prediction.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 60 627-641. MR1626005 https://doi.org/10.1111/1467-9868.00144
BrunoO, F., GRECO, F. and VENTRUCCI, M. (2016). Non-parametric regression on compositional co-
variates using Bayesian P-splines. Stat. Methods Appl. 25 75-88. MR3460487 https://doi.org/10.1007/

$10260-015-0339-2

CARROLL, R. J., RUPPERT, D., STEFANSKI, L. A. and CRAINICEANU, C. M. (2006). Measurement Error in
Nonlinear Models: A Modern Perspective, 2nd ed. Monographs on Statistics and Applied Probability 105.
CRC Press/CRC, Boca Raton, FL. MR2243417 https://doi.org/10.1201/9781420010138

CHATFIELD, C. (1995). Model uncertainty, data mining and statistical inference. J. R. Stat. Soc., Ser. A, Stat. Soc.
158 419-466.

CHEN, J. and L1, H. (2013). Variable selection for sparse Dirichlet-multinomial regression with an application to
microbiome data analysis. Ann. Appl. Stat. 7 418—442. MR3086425 https://doi.org/10.1214/12- AOAS592
CHEN, J., ZHANG, X. and LI, S. (2017). Multiple linear regression with compositional response and covariates.

J. Appl. Stat. 44 2270-2285. MR3670303 https://doi.org/10.1080/02664763.2016.1157145

DAo, M. C., EVERARD, A., ARON-WISNEWSKY, J., SOKOLOVSKA, N., PRIFTI, E., VERGER, E. O,
KAYSER, B. D., LEVENEZ, F., CHILLOUX, J. et al. (2016). Akkermansia muciniphila and improved metabolic
health during a dietary intervention in obesity: Relationship with gut microbiome richness and ecology. Gut
65 426-436.

DAvVID, L. A., MAURICE, C. F., CARMODY, R. N., GOOTENBERG, D. B., BUTTON, J. E., WOLFE, B. E.,
LING, A. V., DEVLIN, A. S., VARMA, Y. et al. (2014). Diet rapidly and reproducibly alters the human gut
microbiome. Nature 505 559-563.

EDDELBUETTEL, D. and SANDERSON, C. (2014). RcppArmadillo: Accelerating R with high-performance C++
linear algebra. Comput. Statist. Data Anal. 71 1054-1063. MR3132026 https://doi.org/10.1016/j.csda.2013.
02.005

EDDELBUETTEL, D., FRANCOIS, R., ALLAIRE, J., USHEY, K., Kou, Q., RUSSEL, N., CHAMBERS, J. and
BATES, D. (2011). Rcpp: Seamless R and C++ integration. J. Stat. Softw. 40 Issue 8.

EDGAR, R. C. (2013). UPARSE: Highly accurate OTU sequences from microbial amplicon reads. Nat. Methods
10 996-998. https://doi.org/10.1038/nmeth.2604

EGOZCUE, J. J. and PAWLOWSKY-GLAHN, V. (2005). Groups of parts and their balances in compositional data
analysis. Math. Geol. 37 795-828. MR2183639 https://doi.org/10.1007/s11004-005-7381-9

GLOOR, G. B., MACKLAIM, J. M., PAWLOWSKY-GLAHN, V. and EGOZCUE, J. J. (2017). Microbiome datasets
are compositional: And this is not optional. Front. Microbiol. 8 Art. ID 2224.

EGOZCUE, J. J., PAWLOWSKY-GLAHN, V., MATEU-FIGUERAS, G. and BARCELO-VIDAL, C. (2003). Iso-
metric logratio transformations for compositional data analysis. Math. Geol. 35 279-300. MR1986165
https://doi.org/10.1023/A:1023818214614

FALONY, G., JOOSSENS, M., VIEIRA-SILVA, S., WANG, J., DARZI, Y., FAUST, K., KURILSHIKOV, A., BON-
DER, M. J., VALLES-COLOMER, M. et al. (2016). Population-level analysis of gut microbiome variation.
Science 352 560-564.

FAN, X., PETERS, B. A., JACOBS, E. J., GAPSTUR, S. M., PURDUE, M. P., FREEDMAN, N. D., ALEK-
SEYENKO, A. V., WU, J., YANG, L. et al. (2018). Drinking alcohol is associated with variation in the human
oral microbiome in a large study of American adults. Microbiome 6 Art. ID 59.

FISEROVA, E. and HRON, K. (2011). On the interpretation of orthonormal coordinates for compositional data.
Math. Geosci. 43 Art. ID 455.

GARCIA, T. P.,, MULLER, S., CARROLL, R. J. and WALZEM, R. L. (2013). Identification of important regressor
groups, subgroups and individuals via regularization methods: Application to gut microbiome data. Bioinfor-
matics 30 831-837.

GELFAND, A. E. (1996). Model determination using sampling-based methods. In Markov Chain Monte Carlo in
Practice. Interdiscip. Statist. 145-161. CRC Press, London. MR1397969

GEORGE, E. I. and McCuULLOCH, R. E. (1997). Approaches for Bayesian variable selection. Statist. Sinica
339-373.

GOODSON, J. M., GROPPO, D., HALEM, S. and CARPINO, E. (2009). Is obesity an oral bacterial disease?
J. Dent. Res. 88 519-523.

GOPALAKRISHNAN, V., SPENCER, C. N., NEzI, L., REUBEN, A., ANDREWS, M. C., KARPINETS, T. V.,
PRIETO, P. A., VICENTE, D., HOFFMAN, K. et al. (2018). Gut microbiome modulates response to anti-PD-1
immunotherapy in melanoma patients. Science 359 97-103.

GURRY, T., GIBBONS, S. M., KEARNEY, S. M., ANANTHAKRISHNAN, A., JIANG, X., DUVALLET, C., KAS-
SAM, Z., ALM, E. J. et al. (2018). Predictability and persistence of prebiotic dietary supplementation in a
healthy human cohort. Sci. Rep. 8 Art. ID 12699.

HAFFAJEE, A. D. and SOCRANSKY, S. S. (2009). Relation of body mass index, periodontitis and Tannerella
Sforsythia. J. Clin. Periodontol. 36 89-99. https://doi.org/10.1111/j.1600-051X.2008.01356.x


http://www.ams.org/mathscinet-getitem?mr=1626005
https://doi.org/10.1111/1467-9868.00144
http://www.ams.org/mathscinet-getitem?mr=3460487
https://doi.org/10.1007/s10260-015-0339-2
http://www.ams.org/mathscinet-getitem?mr=2243417
https://doi.org/10.1201/9781420010138
http://www.ams.org/mathscinet-getitem?mr=3086425
https://doi.org/10.1214/12-AOAS592
http://www.ams.org/mathscinet-getitem?mr=3670303
https://doi.org/10.1080/02664763.2016.1157145
http://www.ams.org/mathscinet-getitem?mr=3132026
https://doi.org/10.1016/j.csda.2013.02.005
https://doi.org/10.1038/nmeth.2604
http://www.ams.org/mathscinet-getitem?mr=2183639
https://doi.org/10.1007/s11004-005-7381-9
http://www.ams.org/mathscinet-getitem?mr=1986165
https://doi.org/10.1023/A:1023818214614
http://www.ams.org/mathscinet-getitem?mr=1397969
https://doi.org/10.1111/j.1600-051X.2008.01356.x
https://doi.org/10.1007/s10260-015-0339-2
https://doi.org/10.1016/j.csda.2013.02.005

HANSEN, T. H., KERN, T., BAK, E. G., KASHANI, A., ALLIN, K. H., NIELSEN, T., HANSEN, T. and PED-
ERSEN, O. (2018). Impact of a vegan diet on the human salivary microbiota. Sci. Rep. 8 Art. ID 5847.
https://doi.org/10.1038/s41598-018-24207-3

ERCOLINI, D., FRANCAVILLA, R., VANNINI, L., DE FILIPPIS, F., CAPRIATI, T., DI CAGNO, R., IACONO, G.,
DE ANGELIS, M. and GOBBETTI, M. (2015). From an imbalance to a new imbalance: Italian-style gluten-free
diet alters the salivary microbiota and metabolome of African celiac children. Sci. Rep. S Art. ID 18571.

HOFFMAN, K. L., HUTCHINSON, D. S., FOWLER, J., SMITH, D. P., AjamI, N. J., ZHAO, H., SCHEET, P.,
CHOW, W.-H., PETROSINO, J. F. et al. (2018). Oral microbiota reveals signs of acculturation in Mexican
American women. PLoS ONE 13 Art. ID e0194100.

HRON, K., FILZMOSER, P. and THOMPSON, K. (2012). Linear regression with compositional explanatory vari-
ables. J. Appl. Stat. 39 1115-1128. MR2914515 https://doi.org/10.1080/02664763.2011.644268

HUTTENHOWER, C., GEVERS, D., KNIGHT, R., ABUBUCKER, S., BADGER, J. H., CHINWALLA, A. T.,
CREASY, H. H., EARL, A. M., FITZGERALD, M. G. et al. (2012). Structure, function and diversity of the
healthy human microbiome. Nature 486 207-214.

JAMES, L. F., L1JOI, A. and PRUNSTER, I. (2009). Posterior analysis for normalized random measures with inde-
pendent increments. Scand. J. Stat. 36 76-97. MR2508332 https://doi.org/10.1111/1.1467-9469.2008.00609.x

KATO, 1., VASQUEZ, A., MOYERBRAILEAN, G., LAND, S., DJURIC, Z., SUN, J., LIN, H.-S. and RAM, J. L.
(2017). Nutritional correlates of human oral microbiome. J. Am. Coll. Nutr. 36 88-98.

KNIGHTS, D., PARFREY, L. W., ZANEVELD, J., LOZUPONE, C. and KNIGHT, R. (2011). Human-associated
microbial signatures: Examining their predictive value. Cell Host Microbe 10 292-296.

KOMAROFF, A. L. (2017). The microbiome and risk for obesity and diabetes. J. Am. Med. Assoc. 317 355-356.

KosLovsky, M. D., HOFFMAN, K. L., DANIEL, C. R. and VANNUCCI, M. (2020). Supplement to
“A Bayesian model of microbiome data for simultaneous identification of covariate associations and pre-
diction of phenotypic outcomes.” https://doi.org/10.1214/20- AOAS1354SUPPA, https://doi.org/10.1214/
20-AOAS1354SUPPB

KOVATCHEVA-DATCHARY, P., NILSSON, A., AKRAMI, R., LEE, Y. S., DE VADDER, F., ARORA, T.,
HALLEN, A., MARTENS, E., BJIORCK, I. et al. (2015). Dietary fiber-induced improvement in glucose
metabolism is associated with increased abundance of Prevotella. Cell Metab. 22 971-982.

LA RoOSA, P. S., BROOKS, J. P, DEYCH, E., BOONE, E. L., EDWARDS, D. J., WANG, Q., SODERGREN, E.,
WEINSTOCK, G. and SHANNON, W. D. (2012). Hypothesis testing and power calculations for taxonomic-
based human microbiome data. PLoS ONE 7 Art. ID e52078.

LEITE, A. Z., RODRIGUES, N. D. C., GONZAGA, M. I., PaloLo, J. C. C., DE Souza, C. A., STE-
FANUTTO, N. A. V., OMORI, W. P., PINHEIRO, D. G., BRISOTTI, J. L. et al. (2017). Detection of increased
plasma interleukin-6 levels and prevalence of Prevotella copri and Bacteroides vulgatus in the feces of type 2
diabetes patients. Front. Immunol. 8 Art. ID 1107.

L1, H. (2015). Microbiome, metagenomics, and high-dimensional compositional data analysis. Annu. Rev. Stat.
Appl. 2 73-94.

L1, J., QUINQUE, D., HOrRZ, H.-P., L1, M., RZHETSKAYA, M., RAFF, J. A., HAYES, M. G. and STONEK-
ING, M. (2014). Comparative analysis of the human saliva microbiome from different climate zones: Alaska,
Germany, and Africa. BMC Microbiol. 14 Art. ID 316.

LIN, W., SHI, P., FENG, R. and L1, H. (2014). Variable selection in regression with compositional covariates.
Biometrika 101 785-797. MR3286917 https://doi.org/10.1093/biomet/asu031

LIN, D., PETERS, B. A., FRIEDLANDER, C., FREIMAN, H. J., GOEDERT, J. J., SINHA, R., MILLER, G.,
BERNSTEIN, M. A., HAYES, R. B. et al. (2018). Association of dietary fibre intake and gut microbiota in
adults. Br. J. Nutr. 120 1014-1022.

MARCOBAL, A., BARBOZA, M., SONNENBURG, E. D., PupLO, N., MARTENS, E. C., DEsal, P., LE-
BRILLA, C. B., WEIMER, B. C., MILLS, D. A. et al. (2011). Bacteroides in the infant gut consume milk
oligosaccharides via mucus-utilization pathways. Cell Host Microbe 10 507-514.

MARTIN-FERNANDEZ, J. A., BARCELO-VIDAL, C. and PAWLOWSKY-GLAHN, V. (2000). Zero replacement in
compositional data sets. In Data Analysis, Classification, and Related Methods 155-160. Springer, Berlin.
MARTIN-FERNANDEZ, J.-A., HRON, K., TEMPL, M., FILZMOSER, P. and PALAREA-ALBALADEJO, J. (2015).
Bayesian-multiplicative treatment of count zeros in compositional data sets. Statr. Model. 15 134-158.

MR3325750 https://doi.org/10.1177/1471082X14535524

MARTINEZ-MEDINA, M., DENIZOT, J., DREUX, N., ROBIN, F., BILLARD, E., BONNET, R., DARFEUILLE-
MICHAUD, A. and BARNICH, N. (2014). Western diet induces dysbiosis with increased E. coli in CEABAC10
mice, alters host barrier function favouring AIEC colonisation. Guz 63 116-124.

MARUVADA, P., LEONE, V., KAPLAN, L. M. and CHANG, E. B. (2017). The human microbiome and obesity:
Moving beyond associations. Cell Host Microbe 22 589-599.

MERT, M. C., FILZMOSER, P., ENDEL, G. and WILBACHER, I. (2018). Compositional data analysis in epidemi-
ology. Stat. Methods Med. Res. 27 1878-1891. MR3803272 https://doi.org/10.1177/0962280216671536


https://doi.org/10.1038/s41598-018-24207-3
http://www.ams.org/mathscinet-getitem?mr=2914515
https://doi.org/10.1080/02664763.2011.644268
http://www.ams.org/mathscinet-getitem?mr=2508332
https://doi.org/10.1111/j.1467-9469.2008.00609.x
https://doi.org/10.1214/20-AOAS1354SUPPA
https://doi.org/10.1214/20-AOAS1354SUPPB
http://www.ams.org/mathscinet-getitem?mr=3286917
https://doi.org/10.1093/biomet/asu031
http://www.ams.org/mathscinet-getitem?mr=3325750
https://doi.org/10.1177/1471082X14535524
http://www.ams.org/mathscinet-getitem?mr=3803272
https://doi.org/10.1177/0962280216671536
https://doi.org/10.1214/20-AOAS1354SUPPB

MILLEN, A. E., MIDTHUNE, D., THOMPSON, F. E., KIPNIS, V. and SUBAR, A. F. (2005). The National Cancer
Institute diet history questionnaire: Validation of pyramid food servings. Am. J. Epidemiol. 163 279-288.

MORTON, J. T., SANDERS, J., QUINN, R. A., MCDONALD, D., GONZALEZ, A., VAZQUEZ-BAEZA, Y.,
NAVAS-MOLINA, J. A., SONG, S. J., METCALF, J. L. et al. (2017). Balance trees reveal microbial niche
differentiation. mSystems 2 Art. ID e00162-16.

NEWTON, M. A., NOUEIRY, A., SARKAR, D. and AHLQUIST, P. (2004). Detecting differential gene expression
with a semiparametric hierarchical mixture method. Biostatistics 5 155-176.

PETERS, B. A, MCCULLOUGH, M. L., PURDUE, M. P., FREEDMAN, N. D., UM, C. Y., GAPSTUR, S. M.,
HAYES, R. B. and AHN, J. (2018). Association of coffee and tea intake with the oral microbiome: Results
from a large cross-sectional study. Cancer Epidemiol. Biomark. Prev. 27 814-821.

PINTO, J. R., EGOZCUE, J. J., PAWLOWSKY-GLAHN, V., PAREDES, R., NOGUERA-JULIAN, M. and
CALLE, M. L. (2017). Balances: A new perspective for microbiome analysis. bioRxiv 219386.
https://doi.org/10.1101/219386

PIOMBINO, P., GENOVESE, A., ESPOSITO, S., Molo, L., CUTOLO, P. P., CHAMBERY, A., SEVERINO, V.,
MONETA, E., SMITH, D. P. et al. (2014). Saliva from obese individuals suppresses the release of aroma
compounds from wine. PLoS ONE 9 Art. ID e85611.

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 https://doi.org/10.1080/
01621459.2013.829001

RICHARDSON, S., BOTTOLO, L. and ROSENTHAL, J. S. (2011). Bayesian models for sparse regression anal-
ysis of high dimensional data. In Bayesian Statistics 9 539—-568. Oxford Univ. Press, Oxford. MR3204018
https://doi.org/10.1093/acprof:0s0/9780199694587.003.0018

RIDAURA, V. K., FAITH, J. J., REY, F. E., CHENG, J., DUNCAN, A. E., KAU, A. L., GRIFFIN, N. W.,
LOMBARD, V., HENRISSAT, B. et al. (2013). Gut microbiota from twins discordant for obesity modulate
metabolism in mice. Science 341 1241214.

SAVITSKY, T., VANNUCCI, M. and SHA, N. (2011). Variable selection for nonparametric Gaussian process
priors: Models and computational strategies. Statist. Sci. 26 130-149. MR2849913 https://doi.org/10.1214/
11-STS354

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

SHETTY, S. A., HUGENHOLTZ, F., LAHTI, L., SMIDT, H. and DE Vo0s, W. M. (2017). Intestinal microbiome
landscaping: Insight in community assemblage and implications for microbial modulation strategies. FEMS
Microbiol. Rev. 41 182-199. https://doi.org/10.1093/femsre/fuw045

SHI, P., ZHANG, A. and L1, H. (2016). Regression analysis for microbiome compositional data. Ann. Appl. Stat.
10 1019-1040. MR3528370 https://doi.org/10.1214/16- AOAS928

SILVERMAN, J. D., WASHBURNE, A. D., MUKHERIJEE, S. and DAVID, L. A. (2017). A phylogenetic transform
enhances analysis of compositional microbiota data. eLife 6 Art. ID e21887.

SONNENBURG, J. L. and BACKHED, F. (2016). Diet-microbiota interactions as moderators of human metabolism.
Nature 535 56—64. https://doi.org/10.1038/nature 18846

SONNENBURG, E. D., ZHENG, H., JOGLEKAR, P., HIGGINBOTTOM, S. K., FIRBANK, S. J., BOLAM, D. N.
and SONNENBURG, J. L. (2010). Specificity of polysaccharide use in intestinal bacteroides species determines
diet-induced microbiota alterations. Cell 141 1241-1252.

STINGO, F. C., CHEN, Y. A., VANNUCCI, M., BARRIER, M. and MIRKES, P. E. (2010). A Bayesian graphical
modeling approach to microRNA regulatory network inference. Ann. Appl. Stat. 4 2024-2048. MR2829945
https://doi.org/10.1214/10- AOAS360

SUBAR, A. F., THOMPSON, F. E., KIPNIS, V., MIDTHUNE, D., HURWITZ, P., MCNUTT, S., MCINTOSH, A.
and ROSENFELD, S. (2001). Comparative validation of the Block, Willett, and National Cancer Institute food
frequency questionnaires: The Eating at America’s Table Study. Am. J. Epidemiol. 154 1089-1099.

TADESSE, M. G., IBRAHIM, J. G., GENTLEMAN, R., CHIARETTI, S., RITZ, J. and FOA, R. (2005). Bayesian
error-in-variable survival model for the analysis of GeneChip arrays. Biometrics 61 488—497. MR2140921
https://doi.org/10.1111/j.1541-0420.2005.00313.x

TAKESHITA, T., MATSUO, K., FURUTA, M., SHIBATA, Y., FUKAMI, K., SHIMAZAKI, Y., AKIFUSA, S.,
HAN, D.-H., KiM, H.-D. et al. (2014). Distinct composition of the oral indigenous microbiota in South
Korean and Japanese adults. Sci. Rep. 4 Art. ID 6990.

Mao, J., CHEN, Y. and MA, L. (2017). Bayesian graphical compositional regression for microbiome data.
Preprint. Available at arXiv:1712.04723.

TANG, Y., MA, L. and NICOLAE, D. L. (2018). A phylogenetic scan test on a Dirichlet-tree multinomial model
for microbiome data. Ann. Appl. Stat. 12 1-26. MR3773384 https://doi.org/10.1214/17- AOAS1086

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


https://doi.org/10.1101/219386
http://www.ams.org/mathscinet-getitem?mr=3174712
https://doi.org/10.1080/01621459.2013.829001
http://www.ams.org/mathscinet-getitem?mr=3204018
https://doi.org/10.1093/acprof:oso/9780199694587.003.0018
http://www.ams.org/mathscinet-getitem?mr=2849913
https://doi.org/10.1214/11-STS354
http://www.ams.org/mathscinet-getitem?mr=0468014
https://doi.org/10.1093/femsre/fuw045
http://www.ams.org/mathscinet-getitem?mr=3528370
https://doi.org/10.1214/16-AOAS928
https://doi.org/10.1038/nature18846
http://www.ams.org/mathscinet-getitem?mr=2829945
https://doi.org/10.1214/10-AOAS360
http://www.ams.org/mathscinet-getitem?mr=2140921
https://doi.org/10.1111/j.1541-0420.2005.00313.x
http://arxiv.org/abs/arXiv:1712.04723
http://www.ams.org/mathscinet-getitem?mr=3773384
https://doi.org/10.1214/17-AOAS1086
http://www.ams.org/mathscinet-getitem?mr=1379242
https://doi.org/10.1080/01621459.2013.829001
https://doi.org/10.1214/11-STS354

TURNBAUGH, P. J. (2017). Microbes and diet-induced obesity: Fast, cheap, and out of control. Cell Host Microbe
21 278-281. https://doi.org/10.1016/j.chom.2017.02.021

VALDES, A. M., WALTER, J., SEGAL, E. and SPECTOR, T. D. (2018). Role of the gut microbiota in nutrition
and health. BMJ 361 Art. ID k2179. https://doi.org/10.1136/bmj.k2179

VEHTARI, A., GELMAN, A. and GABRY, J. (2016). loo: Efficient leave-one-out cross-validation and WAIC for
Bayesian models. R package version 0.1.6.

VEHTARI, A., GELMAN, A. and GABRY, J. (2017). Practical Bayesian model evaluation using leave-
one-out cross-validation and WAIC. Stat. Comput. 27 1413-1432. MR3647105 https://doi.org/10.1007/
s11222-016-9696-4

VERSACE, F., KYPRIOTAKIS, G., BASEN-ENGQUIST, K. and SCHEMBRE, S. M. (2015). Heterogeneity in brain
reactivity to pleasant and food cues: Evidence of sign-tracking in humans. Soc. Cogn. Affect. Neurosci. 11
604-611.

WADSWORTH, W. D., ARGIENTO, R., GUINDANI, M., GALLOWAY-PENA, J., SHELBURNE, S. A. and
VANNUCCI, M. (2017). An integrative Bayesian Dirichlet-multinomial regression model for the analy-
sis of taxonomic abundances in microbiome data. BMC Bioinform. 18 Art. ID 94. https://doi.org/10.1186/
s12859-017-1516-0

WANG, T. and ZHAO, H. (2017a). A Dirichlet-tree multinomial regression model for associating dietary nutrients
with gut microorganisms. Biometrics 73 792-801. MR3713113 https://doi.org/10.1111/biom.12654

WANG, T. and ZHAO, H. (2017b). Constructing predictive microbial signatures at multiple taxonomic levels.
J. Amer. Statist. Assoc. 112 1022-1031. MR3735357 https://doi.org/10.1080/01621459.2016.1270213

WASHBURNE, A. D., SILVERMAN, J. D., LEFF, J. W., BENNETT, D. J., DARCY, J. L., MUKHERJEE, S.,
FIERER, N. and DAVID, L. A. (2017). Phylogenetic factorization of compositional data yields lineage-level
associations in microbiome datasets. PeerJ 5§ Art. ID €2969.

WILLETT, W. (1998). Implications of total energy intake for epidemiologic analyses. In Nutritional Epidemiology
273-301. Oxford Univ. Press, Oxford.

Wu, G. D., CHEN, J., HOFFMANN, C., BITTINGER, K., CHEN, Y.-Y., KEILBAUGH, S. A., BEWTRA, M.,
KNIGHTS, D., WALTERS, W. A. et al. (2011). Linking long-term dietary patterns with gut microbial en-
terotypes. Science 334 105-108.

X1A, Y. and SUN, J. (2017). Hypothesis testing and statistical analysis of microbiome. Genes Dis. 4 138—148.

XU, Z. and KNIGHT, R. (2015). Dietary effects on human gut microbiome diversity. Br. J. Nutr. 113 S1-S5.

YANG, Y., CAIL, Q., ZHENG, W., STEINWANDEL, M., BLOT, W. J., SHU, X.-O. and LONG, J. (2019). Oral
microbiome and obesity in a large study of low-income and African-American populations. J. Oral Microbiol.
11 Art. ID 1650597.

ZEIGLER, C. C., PERSSON, G. R., WONDIMU, B., MARCUS, C., SOBKO, T. and MODEER, T. (2012). Micro-
biota in the oral subgingival biofilm is associated with obesity in adolescence. Obesity 20 157-164.

ZHANG, Z., SCHWARTZ, S., WAGNER, L. and MILLER, W. (2000). A greedy algorithm for aligning DNA
sequences. J. Comput. Biol. 7 203-214.

ZHANG, H., DIBAISE, J. K., ZuccoLo, A., KUDRNA, D., BRAIDOTTI, M., YU, Y., PARAMESWARAN, P,
CROWELL, M. D., WING, R. et al. (2009). Human gut microbiota in obesity and after gastric bypass. Proc.
Natl. Acad. Sci. USA 106 2365-2370.

ZHANG, Y.,ZHOU, H., ZHOU, J. and SUN, W. (2017). Regression models for multivariate count data. J. Comput.
Graph. Statist. 26 1-13. MR3610402 https://doi.org/10.1080/10618600.2016.1154063


https://doi.org/10.1016/j.chom.2017.02.021
https://doi.org/10.1136/bmj.k2179
http://www.ams.org/mathscinet-getitem?mr=3647105
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1186/s12859-017-1516-0
http://www.ams.org/mathscinet-getitem?mr=3713113
https://doi.org/10.1111/biom.12654
http://www.ams.org/mathscinet-getitem?mr=3735357
https://doi.org/10.1080/01621459.2016.1270213
http://www.ams.org/mathscinet-getitem?mr=3610402
https://doi.org/10.1080/10618600.2016.1154063
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1186/s12859-017-1516-0

The Annals of Applied Statistics

2020, Vol. 14, No. 3, 1493-1515
https://doi.org/10.1214/20-A0OAS 1360

© Institute of Mathematical Statistics, 2020
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This research proposes a comprehensive ALG model (Adaptive Log-
linear zero-inflated Generalized Poisson integer-valued GARCH) to describe
the dynamics of integer-valued time series of crime incidents with the features
of autocorrelation, heteroscedasticity, overdispersion and excessive number
of zero observations. The proposed ALG model captures time-varying non-
linear dependence and simultaneously incorporates the impact of multiple
exogenous variables in a unified modeling framework. We use an adaptive
approach to automatically detect subsamples of local homogeneity at each
time point of interest and estimate the time-dependent parameters through an
adaptive Bayesian Markov chain Monte Carlo (MCMC) sampling scheme.
A simulation study shows stable and accurate finite sample performances
of the ALG model under both homogeneous and heterogeneous scenarios.
When implemented with data on crime incidents in Byron, Australia, the
ALG model delivers a persuasive estimation of the stochastic intensity of
criminal incidents and provides insightful interpretations on both the dynam-
ics of intensity and the impacts of temperature and demographic factors for
different crime categories.
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Actor—event data are common in sociological settings, whereby one reg-
isters the pattern of attendance of a group of social actors to a number of
events. We focus on 79 members of the Noordin Top terrorist network, who
were monitored attending 45 events. The attendance or nonattendance of the
terrorist to events defines the social fabric, such as group coherence and so-
cial communities. The aim of the analysis of such data is to learn about the
affiliation structure. Actor—event data is often transformed to actor—actor data
in order to be further analysed by network models, such as stochastic block
models. This transformation and such analyses lead to a natural loss of infor-
mation, particularly when one is interested in identifying, possibly overlap-
ping, subgroups or communities of actors on the basis of their attendances to
events. In this paper we propose an actor—event model for overlapping com-
munities of terrorists which simplifies interpretation of the network. We pro-
pose a mixture model with overlapping clusters for the analysis of the binary
actor—event network data, called manet, and develop a Bayesian procedure
for inference. After a simulation study, we show how this analysis of the ter-
rorist network has clear interpretative advantages over the more traditional
approaches of affiliation network analysis.
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LOG-CONTRAST REGRESSION WITH FUNCTIONAL COMPOSITIONAL
PREDICTORS: LINKING PRETERM INFANTS’ GUT MICROBIOME
TRAJECTORIES TO NEUROBEHAVIORAL OUTCOME
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The neonatal intensive care unit (NICU) experience is known to be one
of the most crucial factors that drive preterm infants’ neurodevelopmental
and health outcome. It is hypothesized that stressful early life experience
of very preterm neonate is imprinting gut microbiome by the regulation of
the so-called brain-gut axis, and, consequently, certain microbiome mark-
ers are predictive of later infant neurodevelopment. To investigate, a preterm
infant study was conducted; infant fecal samples were collected during the
infants’ first month of postnatal age, resulting in functional compositional
microbiome data, and neurobehavioral outcomes were measured when in-
fants reached 36-38 weeks of postmenstrual age. To identify potential micro-
biome markers and estimate how the trajectories of gut microbiome compo-
sitions during early postnatal stage impact later neurobehavioral outcomes of
the preterm infants, we innovate a sparse log-contrast regression with func-
tional compositional predictors. The functional simplex structure is strictly
preserved, and the functional compositional predictors are allowed to have
sparse, smoothly varying and accumulating effects on the outcome through
time. Through a pragmatic basis expansion step, the problem boils down to
a linearly constrained sparse group regression, for which we develop an effi-
cient algorithm and obtain theoretical performance guarantees. Our approach
yields insightful results in the preterm infant study. The identified micro-
biome markers and the estimated time dynamics of their impact on the neu-
robehavioral outcome shed lights on the linkage between stress accumulation
in early postnatal stage and neurodevelpomental process of infants.
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A patient’s medical problem list describes his or her current health status
and aids in the coordination and transfer of care between providers. Because
a problem list is generated once and then subsequently modified or updated,
what is not usually observable is the provider-effect. That is, to what extent
does a patient’s problem in the electronic medical record actually reflect a
consensus communication of that patient’s current health status? To that end,
we report on and analyze a unique interview-based design in which multi-
ple medical providers independently generate problem lists for each of three
patient case abstracts of varying clinical difficulty. Due to the uniqueness of
both our data and the scientific objectives of our analysis, we apply and extend
so-called multistage models for ordered lists and equip the models with vari-
able selection penalties to induce sparsity. Each problem has a corresponding
nonnegative parameter estimate, interpreted as a relative log-odds ratio, with
larger values suggesting greater importance and zero values suggesting unim-
portant problems. We use these fitted penalized models to quantify and report
the extent of consensus. We conduct a simulation study to evaluate the per-
formance of our methodology and then analyze the motivating problem list
data. For the three case abstracts, the proportions of problems with model-
estimated nonzero log-odds ratios were 10/28, 16/47 and 13/30. Physicians
exhibited consensus on the highest ranked problems in the first and last case
abstracts but agreement quickly deteriorated; in contrast, physicians broadly
disagreed on the relevant problems for the middle—and most difficult—case
abstract.
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