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ESTIMATING THE RATE CONSTANT FROM BIOSENSOR DATA
VIA AN ADAPTIVE VARIATIONAL BAYESIAN APPROACH

BY YE ZHANG∗,1, ZHIGANG YAO†,2,4, PATRIK FORSSÉN‡,3 AND

TORGNY FORNSTEDT‡,3

Chemnitz University of Technology∗, National University of Singapore† and
Karlstad University‡

The means to obtain the rate constants of a chemical reaction is a funda-
mental open problem in both science and the industry. Traditional techniques
for finding rate constants require either chemical modifications of the reac-
tants or indirect measurements. The rate constant map method is a modern
technique to study binding equilibrium and kinetics in chemical reactions.
Finding a rate constant map from biosensor data is an ill-posed inverse prob-
lem that is usually solved by regularization. In this work, rather than finding a
deterministic regularized rate constant map that does not provide uncertainty
quantification of the solution, we develop an adaptive variational Bayesian
approach to estimate the distribution of the rate constant map, from which
some intrinsic properties of a chemical reaction can be explored, including
information about rate constants. Our new approach is more realistic than the
existing approaches used for biosensors and allows us to estimate the dynam-
ics of the interactions, which are usually hidden in a deterministic approx-
imate solution. We verify the performance of the new proposed method by
numerical simulations, and compare it with the Markov chain Monte Carlo
algorithm. The results illustrate that the variational method can reliably cap-
ture the posterior distribution in a computationally efficient way. Finally, the
developed method is also tested on the real biosensor data (parathyroid hor-
mone), where we provide two novel analysis tools—the thresholding contour
map and the high order moment map—to estimate the number of interactions
as well as their rate constants.
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ESTIMATING ABUNDANCE FROM MULTIPLE SAMPLING
CAPTURE-RECAPTURE DATA VIA A MULTI-STATE

MULTI-PERIOD STOPOVER MODEL

BY HANNAH WORTHINGTON∗,1, RACHEL MCCREA†,2, RUTH KING‡ AND

RICHARD GRIFFITHS†

University of St Andrews∗, University of Kent† and University of Edinburgh‡

Capture-recapture studies often involve collecting data on numerous cap-
ture occasions over a relatively short period of time. For many study species
this process is repeated, for example, annually, resulting in capture informa-
tion spanning multiple sampling periods. To account for the different tempo-
ral scales, the robust design class of models have traditionally been applied
providing a framework in which to analyse all of the available capture data
in a single likelihood expression. However, these models typically require
strong constraints, either the assumption of closure within a sampling period
(the closed robust design) or conditioning on the number of individuals cap-
tured within a sampling period (the open robust design). For real datasets
these assumptions may not be appropriate. We develop a general modelling
structure that requires neither assumption by explicitly modelling the move-
ment of individuals into the population both within and between the sampling
periods, which in turn permits the estimation of abundance within a single
consistent framework. The flexibility of the novel model structure is further
demonstrated by including the computationally challenging case of multi-
state data where there is individual time-varying discrete covariate infor-
mation. We derive an efficient likelihood expression for the new multi-state
multi-period stopover model using the hidden Markov model framework. We
demonstrate the significant improvement in parameter estimation using our
new modelling approach in terms of both the multi-period and multi-state
components through both a simulation study and a real dataset relating to the
protected species of great crested newts, Triturus cristatus.
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In large-scale quantitative proteomic studies, scientists measure the
abundance of thousands of proteins from the human proteome in search of
novel biomarkers for a given disease. Penalized regression estimators can be
used to identify potential biomarkers among a large set of molecular features
measured. Yet, the performance and statistical properties of these estimators
depend on the loss and penalty functions used to define them. Motivated by a
real plasma proteomic biomarkers study, we propose a new class of penalized
robust estimators based on the elastic net penalty, which can be tuned to keep
groups of correlated variables together in the selected model and maintain ro-
bustness against possible outliers. We also propose an efficient algorithm to
compute our robust penalized estimators and derive a data-driven method to
select the penalty term. Our robust penalized estimators have very good ro-
bustness properties and are also consistent under certain regularity conditions.
Numerical results show that our robust estimators compare favorably to other
robust penalized estimators. Using our proposed methodology for the analy-
sis of the proteomics data, we identify new potentially relevant biomarkers of
cardiac allograft vasculopathy that are not found with nonrobust alternatives.
The selected model is validated in a new set of 52 test samples and achieves
an area under the receiver operating characteristic (AUC) of 0.85.
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Single-cell lineage tracking strategies enabled by recent experimental
technologies have produced significant insights into cell fate decisions, but
lack the quantitative framework necessary for rigorous statistical analysis of
mechanistic models describing cell division and differentiation. In this pa-
per, we develop such a framework with corresponding moment-based pa-
rameter estimation techniques for continuous-time, multi-type branching pro-
cesses. Such processes provide a probabilistic model of how cells divide and
differentiate, and we apply our method to study hematopoiesis, the mecha-
nism of blood cell production. We derive closed-form expressions for higher
moments in a general class of such models. These analytical results allow
us to efficiently estimate parameters of much richer statistical models of
hematopoiesis than those used in previous statistical studies. To our knowl-
edge, the method provides the first rate inference procedure for fitting such
models to time series data generated from cellular barcoding experiments.
After validating the methodology in simulation studies, we apply our estima-
tor to hematopoietic lineage tracking data from rhesus macaques. Our anal-
ysis provides a more complete understanding of cell fate decisions during
hematopoiesis in nonhuman primates, which may be more relevant to hu-
man biology and clinical strategies than previous findings from murine stud-
ies. For example, in addition to previously estimated hematopoietic stem cell
self-renewal rate, we are able to estimate fate decision probabilities and to
compare structurally distinct models of hematopoiesis using cross validation.
These estimates of fate decision probabilities and our model selection results
should help biologists compare competing hypotheses about how progeni-
tor cells differentiate. The methodology is transferrable to a large class of
stochastic compartmental and multi-type branching models, commonly used
in studies of cancer progression, epidemiology and many other fields.
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Understanding the role of vegetation fires in the Earth system is an im-
portant environmental problem. Although fire occurrence is influenced by
natural factors, human activity related to land use and management has al-
tered the temporal patterns of fire in several regions of the world. Hence, for
a better insight into fires regimes it is of special interest to analyze where hu-
man activity has altered fire seasonality. For doing so, multimodality tests are
a useful tool for determining the number of annual fire peaks. The periodicity
of fires and their complex distributional features motivate the use of nonpara-
metric circular statistics. The unsatisfactory performance of previous circular
nonparametric proposals for testing multimodality justifies the introduction
of a new approach, considering an adapted version of the excess mass statis-
tic, jointly with a bootstrap calibration algorithm. A systematic application
of the test on the Russia–Kazakhstan area is presented in order to determine
how many fire peaks can be identified in this region. A False Discovery Rate
correction, accounting for the spatial dependence of the data, is also required.
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JOINT MODEL OF ACCELERATED FAILURE TIME AND
MECHANISTIC NONLINEAR MODEL FOR CENSORED

COVARIATES, WITH APPLICATION IN HIV/AIDS1

BY HONGBIN ZHANG AND LANG WU

City University of New York and University of British Columbia

For a time-to-event outcome with censored time-varying covariates, a
joint Cox model with a linear mixed effects model is the standard modeling
approach. In some applications such as AIDS studies, mechanistic nonlin-
ear models are available for some covariate process such as viral load dur-
ing anti-HIV treatments, derived from the underlying data-generation mecha-
nisms and disease progression. Such a mechanistic nonlinear covariate model
may provide better-predicted values when the covariates are left censored or
mismeasured. When the focus is on the impact of the time-varying covari-
ate process on the survival outcome, an accelerated failure time (AFT) model
provides an excellent alternative to the Cox proportional hazard model since
an AFT model is formulated to allow the influence of the outcome by the
entire covariate process. In this article, we consider a nonlinear mixed effects
model for the censored covariates in an AFT model, implemented using a
Monte Carlo EM algorithm, under the framework of a joint model for simul-
taneous inference. We apply the joint model to an HIV/AIDS data to gain
insights for assessing the association between viral load and immunological
restoration during antiretroviral therapy. Simulation is conducted to compare
model performance when the covariate model and the survival model are mis-
specified.
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PREDICTION OF SMALL AREA QUANTILES FOR THE
CONSERVATION EFFECTS ASSESSMENT PROJECT USING A

MIXED EFFECTS QUANTILE REGRESSION MODEL1

BY EMILY BERG AND DANHYANG LEE

Iowa State University and University of Alabama

Quantiles of the distributions of several measures of erosion are impor-
tant parameters in the Conservation Effects Assessment Project, a survey
intended to quantify soil and nutrient loss on crop fields. Because sample
sizes for domains of interest are too small to support reliable direct estima-
tors, model based methods are needed. Quantile regression is appealing for
CEAP because finding a single family of parametric models that adequately
describes the distributions of all variables is difficult and small area quan-
tiles are parameters of interest. We construct empirical Bayes predictors and
bootstrap mean squared error estimators based on the linearly interpolated
generalized Pareto distribution (LIGPD). We apply the procedures to predict
county-level quantiles for four types of erosion in Wisconsin and validate the
procedures through simulation.
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MICROSIMULATION MODEL CALIBRATION USING
INCREMENTAL MIXTURE APPROXIMATE

BAYESIAN COMPUTATION

BY CAROLYN M. RUTTER∗,1, JONATHAN OZIK†,‡,2, MARIA DEYOREO∗,1

AND NICHOLSON COLLIER†,‡,2

RAND Corporation∗, University of Chicago† and Argonne National Laboratory‡

Microsimulation models (MSMs) are used to inform policy by predict-
ing population-level outcomes under different scenarios. MSMs simulate
individual-level event histories that mark the disease process (such as the
development of cancer) and the effect of policy actions (such as screening)
on these events. MSMs often have many unknown parameters; calibration
is the process of searching the parameter space to select parameters that re-
sult in accurate MSM prediction of a wide range of targets. We develop In-
cremental Mixture Approximate Bayesian Computation (IMABC) for MSM
calibration which results in a simulated sample from the posterior distribu-
tion of model parameters given calibration targets. IMABC begins with a
rejection-based ABC step, drawing a sample of points from the prior dis-
tribution of model parameters and accepting points that result in simulated
targets that are near observed targets. Next, the sample is iteratively up-
dated by drawing additional points from a mixture of multivariate normal
distributions and accepting points that result in accurate predictions. Pos-
terior estimates are obtained by weighting the final set of accepted points
to account for the adaptive sampling scheme. We demonstrate IMABC by
calibrating CRC-SPIN 2.0, an updated version of a MSM for colorectal
cancer (CRC) that has been used to inform national CRC screening guide-
lines.
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PRINCIPAL NESTED SHAPE SPACE ANALYSIS OF MOLECULAR
DYNAMICS DATA1
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Molecular dynamics simulations produce huge datasets of temporal se-
quences of molecules. It is of interest to summarize the shape evolution of the
molecules in a succinct, low-dimensional representation. However, Euclidean
techniques such as principal components analysis (PCA) can be problematic
as the data may lie far from in a flat manifold. Principal nested spheres gives
a fundamentally different decomposition of data from the usual Euclidean
subspace based PCA [Biometrika 99 (2012) 551–568]. Subspaces of succes-
sively lower dimension are fitted to the data in a backwards manner with the
aim of retaining signal and dispensing with noise at each stage. We adapt the
methodology to 3D subshape spaces and provide some practical fitting al-
gorithms. The methodology is applied to cluster analysis of peptides, where
different states of the molecules can be identified. Also, the temporal transi-
tions between cluster states are explored.
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SPATIAL MODELING OF TRENDS IN CRIME OVER TIME IN
PHILADELPHIA

BY CECILIA BALOCCHI AND SHANE T. JENSEN
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Understanding the relationship between change in crime over time and
the geography of urban areas is an important problem for urban planning.
Accurate estimation of changing crime rates throughout a city would aid
law enforcement as well as enable studies of the association between crime
and the built environment. Bayesian modeling is a promising direction since
areal data require principled sharing of information to address spatial auto-
correlation between proximal neighborhoods. We develop several Bayesian
approaches to spatial sharing of information between neighborhoods while
modeling trends in crime counts over time. We apply our methodology to
estimate changes in crime throughout Philadelphia over the 2006-15 period
while also incorporating spatially-varying economic and demographic pre-
dictors. We find that the local shrinkage imposed by a conditional autore-
gressive model has substantial benefits in terms of out-of-sample predictive
accuracy of crime. We also explore the possibility of spatial discontinuities
between neighborhoods that could represent natural barriers or aspects of the
built environment.
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FITTING A DEEPLY NESTED HIERARCHICAL MODEL TO A
LARGE BOOK REVIEW DATASET USING A MOMENT-BASED

ESTIMATOR

BY NINGSHAN ZHANG, KYLE SCHMAUS AND PATRICK O. PERRY

New York University, Stitch Fix and Oscar Health

We consider a particular instance of a common problem in recommender
systems, using a database of book reviews to inform user-targeted recommen-
dations. In our dataset, books are categorized into genres and subgenres. To
exploit this nested taxonomy, we use a hierarchical model that enables infor-
mation pooling across across similar items at many levels within the genre
hierarchy. The main challenge in deploying this model is computational. The
data sizes are large and fitting the model at scale using off-the-shelf maximum
likelihood procedures is prohibitive. To get around this computational bottle-
neck, we extend a moment-based fitting procedure proposed for fitting single-
level hierarchical models to the general case of arbitrarily deep hierarchies.
This extension is an order of magnitude faster than standard maximum like-
lihood procedures. The fitting method can be deployed beyond recommender
systems to general contexts with deeply nested hierarchical generalized linear
mixed models.
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OBJECTIVE BAYES MODEL SELECTION OF GAUSSIAN
INTERVENTIONAL ESSENTIAL GRAPHS FOR THE

IDENTIFICATION OF SIGNALING PATHWAYS1

BY FEDERICO CASTELLETTI AND GUIDO CONSONNI

Università Cattolica del Sacro Cuore

A signalling pathway is a sequence of chemical reactions initiated by a
stimulus which in turn affects a receptor, and then through some intermedi-
ate steps cascades down to the final cell response. Based on the technique
of flow cytometry, samples of cell-by-cell measurements are collected un-
der each experimental condition, resulting in a collection of interventional
data (assuming no latent variables are involved). Usually several external in-
terventions are applied at different points of the pathway, the ultimate aim
being the structural recovery of the underlying signalling network which we
model as a causal Directed Acyclic Graph (DAG) using intervention calcu-
lus. The advantage of using interventional data, rather than purely observa-
tional one, is that identifiability of the true data generating DAG is enhanced.
More technically a Markov equivalence class of DAGs, whose members are
statistically indistinguishable based on observational data alone, can be fur-
ther decomposed, using additional interventional data, into smaller distinct
Interventional Markov equivalence classes. We present a Bayesian method-
ology for structural learning of Interventional Markov equivalence classes
based on observational and interventional samples of multivariate Gaussian
observations. Our approach is objective, meaning that it is based on default
parameter priors requiring no personal elicitation; some flexibility is however
allowed through a tuning parameter which regulates sparsity in the prior on
model space. Based on an analytical expression for the marginal likelihood
of a given Interventional Essential Graph, and a suitable MCMC scheme,
our analysis produces an approximate posterior distribution on the space of
Interventional Markov equivalence classes, which can be used to provide un-
certainty quantification for features of substantive scientific interest, such as
the posterior probability of inclusion of selected edges, or paths.
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A LATENT DISCRETE MARKOV RANDOM FIELD APPROACH TO
IDENTIFYING AND CLASSIFYING HISTORICAL FOREST

COMMUNITIES BASED ON SPATIAL MULTIVARIATE
TREE SPECIES COUNTS1

BY STEPHEN BERG, JUN ZHU, MURRAY K. CLAYTON, MONIKA E. SHEA

AND DAVID J. MLADENOFF

University of Wisconsin-Madison

The Wisconsin Public Land Survey database describes historical forest
composition at high spatial resolution and is of interest in ecological studies
of forest composition in Wisconsin just prior to significant Euro-American
settlement. For such studies it is useful to identify recurring subpopulations
of tree species known as communities, but standard clustering approaches
for subpopulation identification do not account for dependence between spa-
tially nearby observations. Here, we develop and fit a latent discrete Markov
random field model for the purpose of identifying and classifying historical
forest communities based on spatially referenced multivariate tree species
counts across Wisconsin. We show empirically for the actual dataset and
through simulation that our latent Markov random field modeling approach
improves prediction and parameter estimation performance. For model fitting
we introduce a new stochastic approximation algorithm which enables com-
putationally efficient estimation and classification of large amounts of spatial
multivariate count data.
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A NONPARAMETRIC SPATIAL TEST TO IDENTIFY FACTORS
THAT SHAPE A MICROBIOME
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The advent of high-throughput sequencing technologies has made data
from DNA material readily available, leading to a surge of microbiome-
related research establishing links between markers of microbiome health and
specific outcomes. However, to harness the power of microbial communities
we must understand not only how they affect us, but also how they can be in-
fluenced to improve outcomes. This area has been dominated by methods that
reduce community composition to summary metrics, which can fail to fully
exploit the complexity of community data. Recently, methods have been de-
veloped to model the abundance of taxa in a community, but they can be
computationally intensive and do not account for spatial effects underlying
microbial settlement. These spatial effects are particularly relevant in the mi-
crobiome setting because we expect communities that are close together to be
more similar than those that are far apart. In this paper, we propose a flexible
Bayesian spike-and-slab variable selection model for presence-absence in-
dicators that accounts for spatial dependence and cross-dependence between
taxa while reducing dimensionality in both directions. We show by simulation
that in the presence of spatial dependence, popular distance-based hypothe-
sis testing methods fail to preserve their advertised size, and the proposed
method improves variable selection. Finally, we present an application of our
method to an indoor fungal community found within homes across the con-
tiguous United States.

REFERENCES

ANDERSON, M. J. (2001). A new method for non-parametric multivariate analysis of variance. Aus-
tral Ecology 26 32–46.

BANERJEE, S. (2005). On geodetic distance computations in spatial modeling. Biometrics 61 617–
625. MR2140936

BARBERÁN, A., DUNN, R. R., REICH, B. J., PACIFICI, K., LABER, E. B., MENNINGER, H. L.,
MORTON, J. M., HENLEY, J. B., LEFF, J. W. et al. (2015). The ecology of microscopic life in
household dust. Proc. R. Soc. Lond., B Biol. Sci. 282 212–220.

BRAY, J. R. and CURTIS, J. T. (1957). An ordination of the upland forest communities of southern
Wisconsin. Ecol. Monogr. 27 325–349.

CASTILLO, I. and VAN DER VAART, A. (2012). Needles and straw in a haystack: Posterior concen-
tration for possibly sparse sequences. Ann. Statist. 40 2069–2101. MR3059077

CHEN, J. and LI, H. (2013). Variable selection for sparse Dirichlet-multinomial regression with an
application to microbiome data analysis. Ann. Appl. Stat. 7 418–442. MR3086425

Key words and phrases. Bayesian nonparametrics, Dirichlet process, high dimensional data, spa-
tial modeling, spike-and-slab prior, variable selection.

http://www.imstat.org/aoas/
https://doi.org/10.1214/19-AOAS1262
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=2140936
http://www.ams.org/mathscinet-getitem?mr=3059077
http://www.ams.org/mathscinet-getitem?mr=3086425


CLARK, J. S., NEMERGUT, D., SEYEDNASROLLAH, B., TURNER, P. J. and ZHANG, S. (2017).
Generalized joint attribute modeling for biodiversity analysis: Median-zero, multivariate, multi-
farious data. Ecol. Monogr. 87 34–56.

CLARKE, K. R. (1993). Non-parametric multivariate analyses of changes in community structure.
Aust. J. Ecol. 18 117–143.

CRAVEN, P. and WAHBA, G. (1978). Smoothing noisy data with spline functions. Numer. Math. 31
377–403.

DANNEMILLER, K. C., GENT, J. F., LEADERER, B. P. and PECCIA, J. (2016). Influence of housing
characteristics on bacterial and fungal communities in homes of asthmatic children. Indoor Air
26 179–192.

DUNN, R. R., FIERER, N., HENLEY, J. B., LEFF, J. W. and MENNINGER, H. L. (2013). Home life:
Factors structuring the bacterial diversity found within and between homes. PLoS ONE 8 e64133.

FERGUSON, T. S. (1973). A Bayesian analysis of some nonparametric problems. Ann. Statist. 1
209–230. MR0350949

FLORES, G. E., HENLEY, J. B. and FIERER, N. (2012). A direct PCR approach to accelerate anal-
yses of human-associated microbial communities. PLoS ONE 7 e44563.

FRY, J. A., XIAN, G., JIN, S., DEWITZ, J. A., HOMER, C. G., LIMIN, Y., BARNES, C. A.,
HEROLD, N. D. and WICKHAM, J. D. (2011). Completion of the 2006 national land cover
database for the conterminous United States. Photogramm. Eng. Remote Sens. 77 858–864.

GELFAND, A. E., KOTTAS, A. and MACEACHERN, S. N. (2005). Bayesian nonparametric spatial
modeling with Dirichlet process mixing. J. Amer. Statist. Assoc. 100 1021–1035. MR2201028

GEORGE, E. I. and MCCULLOCH, R. E. (1993). Variable selection via Gibbs sampling. J. Amer.
Statist. Assoc. 88 881–889.

GRANTHAM, N. S., REICH, B. J., PACIFICI, K., LABER, E. B., MENNINGER, H. L., HEN-
LEY, J. B., BARBERÁN, A., LEFF, J. W., FIERER, N. et al. (2015). Fungi identify the geographic
origin of dust samples. PLoS ONE 10 e0122605.

GRANTHAM, N. S., REICH, B. J., BORER, E. T. and GROSS, K. (2017). MIMIX: A Bayesian
mixed-effects model for microbiome data from designed experiments. Manuscript in review.

HALL, P., MÜLLER, H.-G. and YAO, F. (2008). Modelling sparse generalized longitudinal ob-
servations with latent Gaussian processes. J. R. Stat. Soc. Ser. B. Stat. Methodol. 70 703–723.
MR2523900

HAMADA, N. and FUJITA, T. (2002). Effect of air-conditioner on fungal contamination. Atmos.
Environ. 36 5443–5448.

HARRIS, I., JONES, P. D., OSBORN, T. J. and LISTER, D. H. (2014). Updated high-resolution grids
of monthly climatic observations—the CRU TS3.10 dataset. Int. J. Climatol. 34 623–642.

HASTIE, T., TIBSHIRANI, R. and FRIEDMAN, J. (2009). The Elements of Statistical Learning: Data
Mining, Inference, and Prediction, 2nd ed. Springer Series in Statistics. Springer, New York.
MR2722294

HEATHER, J. M. and CHAIN, B. (2016). The sequence of sequencers: The history of sequencing
DNA. Genomics 107 1–8.

HUMAN MICROBIOME PROJECT CONSORTIUM (2012). Structure, function and diversity of the
healthy human microbiome. Nature 486 207–214.

KETTLESON, E. M., ADHIKARI, A., VESPER, S., COOMBS, K., INDUGULA, R. and REPONEN, T.
(2015). Key determinants of the fungal and bacterial microbiomes in homes. Environ. Res. 138
130–135.

KUO, L. and MALLICK, B. (1998). Variable selection for regression models. Sankhya B 60 65–81.
MR1717076

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

LORENZ, E. N. (1956). Empirical orthogonal functions and statistical weather prediction.

http://www.ams.org/mathscinet-getitem?mr=0350949
http://www.ams.org/mathscinet-getitem?mr=2201028
http://www.ams.org/mathscinet-getitem?mr=2523900
http://www.ams.org/mathscinet-getitem?mr=2722294
http://www.ams.org/mathscinet-getitem?mr=1717076
http://www.ams.org/mathscinet-getitem?mr=2758342


MCARDLE, B. H. and ANDERSON, M. J. (2001). Fitting multivariate models to community data:
A comment on distance-based redundancy analysis. Ecology 82 290–297.

MITCHELL, T. J. and BEAUCHAMP, J. J. (1988). Bayesian variable selection in linear regression.
J. Amer. Statist. Assoc. 83 1023–1036. With comments by James Berger and C. L. Mallows and
with a reply by the authors. MR0997578

NELSEN, R. B. (1999). An Introduction to Copulas. Lecture Notes in Statistics 139. Springer, New
York. MR1653203

OVASKAINEN, O., HOTTOLA, J. and SIITONEN, J. (2010). Modeling species co-occurrence by mul-
tivariate logistic regression generates new hypotheses on fungal interactions. Ecology 91 2514–
2521.

OVASKAINEN, O., ROY, D. B., FOX, R. and ANDERSON, B. J. (2016). Uncovering hidden spatial
structure in species communities with spatially explicit joint species distribution models. Methods
Ecol. Evol. 7 428–436.

OVASKAINEN, O., TIKHONOV, G., NORBERG, A., GUILLAUME BLANCHET, F., DUAN, L., DUN-
SON, D., ROSLIN, T. and ABREGO, N. (2017). How to make more out of community data? A
conceptual framework and its implementation as models and software. Ecol. Lett. 20 561–576.

PETRONE, S., GUINDANI, M. and GELFAND, A. E. (2009). Hybrid Dirichlet mixture models for
functional data. J. R. Stat. Soc. Ser. B. Stat. Methodol. 71 755–782. MR2750094

QIN, J., LI, Y., CAI, Z., LI, S., ZHU, J., ZHANG, F., LIANG, S., ZHANG, W., GUAN, Y. et al.
(2012). A metagenome-wide association study of gut microbiota in type 2 diabetes. Nature 490
55–60.

RAVEL, J., GAJER, P., ABDO, Z., SCHNEIDER, G. M., KOENIG, S. S. K., MCCULLE, S. L.,
KARLEBACH, S., GORLE, R., RUSSELL, J. et al. (2011). Vaginal microbiome of reproductive-
age women. Proc. Natl. Acad. Sci. USA 108 4680–4687.

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

REUTER, J. A., SPACEK, D. V. and SNYDER, M. P. (2015). High-throughput sequencing technolo-
gies. Molecular Cell 58 586–597.
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PREDICTING PALEOCLIMATE FROM COMPOSITIONAL DATA
USING MULTIVARIATE GAUSSIAN PROCESS INVERSE

PREDICTION1
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Multivariate compositional count data arise in many applications includ-
ing ecology, microbiology, genetics and paleoclimate. A frequent question in
the analysis of multivariate compositional count data is what underlying val-
ues of a covariate(s) give rise to the observed composition. Learning the re-
lationship between covariates and the compositional count allows for inverse
prediction of unobserved covariates given compositional count observations.
Gaussian processes provide a flexible framework for modeling functional re-
sponses with respect to a covariate without assuming a functional form. Many
scientific disciplines use Gaussian process approximations to improve pre-
diction and make inference on latent processes and parameters. When pre-
diction is desired on unobserved covariates given realizations of the response
variable, this is called inverse prediction. Because inverse prediction is of-
ten mathematically and computationally challenging, predicting unobserved
covariates often requires fitting models that are different from the hypoth-
esized generative model. We present a novel computational framework that
allows for efficient inverse prediction using a Gaussian process approxima-
tion to generative models. Our framework enables scientific learning about
how the latent processes co-vary with respect to covariates while simultane-
ously providing predictions of missing covariates. The proposed framework
is capable of efficiently exploring the high dimensional, multi-modal latent
spaces that arise in the inverse problem. To demonstrate flexibility, we apply
our method in a generalized linear model framework to predict latent climate
states given multivariate count data. Based on cross-validation, our model has
predictive skill competitive with current methods while simultaneously pro-
viding formal, statistical inference on the underlying community dynamics of
the biological system previously not available.
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PROPENSITY SCORE WEIGHTING FOR CAUSAL INFERENCE
WITH MULTIPLE TREATMENTS

BY FAN LI AND FAN LI

Yale University and Duke University

Causal or unconfounded descriptive comparisons between multiple
groups are common in observational studies. Motivated from a racial dispar-
ity study in health services research, we propose a unified propensity score
weighting framework, the balancing weights, for estimating causal effects
with multiple treatments. These weights incorporate the generalized propen-
sity scores to balance the weighted covariate distribution of each treatment
group, all weighted toward a common prespecified target population. The
class of balancing weights include several existing approaches such as the in-
verse probability weights and trimming weights as special cases. Within this
framework, we propose a set of target estimands based on linear contrasts. We
further develop the generalized overlap weights, constructed as the product
of the inverse probability weights and the harmonic mean of the generalized
propensity scores. The generalized overlap weighting scheme corresponds to
the target population with the most overlap in covariates across the multi-
ple treatments. These weights are bounded and thus bypass the problem of
extreme propensities. We show that the generalized overlap weights mini-
mize the total asymptotic variance of the moment weighting estimators for
the pairwise contrasts within the class of balancing weights. We consider two
balance check criteria and propose a new sandwich variance estimator for es-
timating the causal effects with generalized overlap weights. We apply these
methods to study the racial disparities in medical expenditure between sev-
eral racial groups using the 2009 Medical Expenditure Panel Survey (MEPS)
data. Simulations were carried out to compare with existing methods.
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OUTLINE ANALYSES OF THE CALLED STRIKE ZONE IN
MAJOR LEAGUE BASEBALL

BY DALE L. ZIMMERMAN, JUN TANG AND RUI HUANG

University of Iowa

We extend statistical shape analytic methods known as outline analysis
for application to the strike zone, a central feature of the game of baseball.
Although the strike zone is rigorously defined by Major League Baseball’s
official rules, umpires make mistakes in calling pitches as strikes (and balls)
and may even adhere to a strike zone somewhat different than that prescribed
by the rule book. Our methods yield inference on geometric attributes (cen-
troid, dimensions, orientation and shape) of this “called strike zone” (CSZ)
and on the effects that years, umpires, player attributes, game situation factors
and their interactions have on those attributes. The methodology consists of
first using kernel discriminant analysis to determine a noisy outline represent-
ing the CSZ corresponding to each factor combination, then fitting existing
elliptic Fourier and new generalized superelliptic models for closed curves to
that outline and finally analyzing the fitted model coefficients using standard
methods of regression analysis, factorial analysis of variance and variance
component estimation. We apply these methods to PITCHf/x data compris-
ing more than three million called pitches from the 2008–2016 Major League
Baseball seasons to address numerous questions about the CSZ. We find that
all geometric attributes of the CSZ, except its size, became significantly more
like those of the rule-book strike zone from 2008–2016 and that several player
attribute/game situation factors had statistically and practically significant ef-
fects on many of them. We also establish that the variation in the horizontal
center, width and area of an individual umpire’s CSZ from pitch to pitch is
smaller than their variation among CSZs from different umpires.
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EMPIRICAL BAYES ANALYSIS OF RNA SEQUENCING
EXPERIMENTS WITH AUXILIARY INFORMATION

BY KUN LIANG

University of Waterloo

Finding differentially expressed genes is a common task in high-
throughput transcriptome studies. While traditional statistical methods rank
the genes by their test statistics alone, we analyze an RNA sequencing dataset
using the auxiliary information of gene length and the test statistics from a
related microarray study. Given the auxiliary information, we propose a novel
nonparametric empirical Bayes procedure to estimate the posterior probabil-
ity of differential expression for each gene. We demonstrate the advantage of
our procedure in extensive simulation studies and a psoriasis RNA sequenc-
ing study. The companion R package calm is available at Bioconductor.
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NEW FORMULATION OF THE LOGISTIC-GAUSSIAN PROCESS
TO ANALYZE TRAJECTORY TRACKING DATA1
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Improved communication systems, shrinking battery sizes and the price
drop of tracking devices have led to an increasing availability of trajectory
tracking data. These data are often analyzed to understand animal behavior.

In this work, we propose a new model for interpreting the animal movent
as a mixture of characteristic patterns, that we interpret as different behaviors.
The probability that the animal is behaving according to a specific pattern, at
each time instant, is nonparametrically estimated using the Logistic-Gaussian
process. Owing to a new formalization and the way we specify the coregion-
alization matrix of the associated multivariate Gaussian process, our model is
invariant with respect to the choice of the reference element and of the order-
ing of the probability vector components. We fit the model under a Bayesian
framework, and show that the Markov chain Monte Carlo algorithm we pro-
pose is straightforward to implement.

We perform a simulation study with the aim of showing the ability of
the estimation procedure to retrieve the model parameters. We also test the
performance of the information criterion we used to select the number of
behaviors. The model is then applied to a real dataset where a wolf has been
observed before and after procreation. The results are easy to interpret, and
clear differences emerge in the two phases.
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A SIMPLE, CONSISTENT ESTIMATOR OF SNP HERITABILITY
FROM GENOME-WIDE ASSOCIATION STUDIES1
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Analysis of genome-wide association studies (GWAS) is characterized
by a large number of univariate regressions where a quantitative trait is re-
gressed on hundreds of thousands to millions of single-nucleotide polymor-
phism (SNP) allele counts, one at a time. This article proposes an estimator of
the SNP heritability of the trait, defined here as the fraction of the variance of
the trait explained by the SNPs in the study. The proposed GWAS heritability
(GWASH) estimator is easy to compute, highly interpretable and is consistent
as the number of SNPs and the sample size increase. More importantly, it can
be computed from summary statistics typically reported in GWAS, not requir-
ing access to the original data. The estimator takes full account of the linkage
disequilibrium (LD) or correlation between the SNPs in the study through
moments of the LD matrix, estimable from auxiliary datasets. Unlike other
proposed estimators in the literature, we establish the theoretical properties
of the GWASH estimator and obtain analytical estimates of the precision, al-
lowing for power and sample size calculations for SNP heritability estimates
and forming a firm foundation for future methodological development.
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A HIERARCHICAL CURVE-BASED APPROACH TO THE
ANALYSIS OF MANIFOLD DATA
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University of Glasgow∗ and Masaryk University†

One of the data structures generated by medical imaging technology
is high resolution point clouds representing anatomical surfaces. Stereopho-
togrammetry and laser scanning are two widely available sources of this kind
of data. A standardised surface representation is required to provide a mean-
ingful correspondence across different images as a basis for statistical analy-
sis. Point locations with anatomical definitions, referred to as landmarks, have
been the traditional approach. Landmarks can also be taken as the starting
point for more general surface representations, often using templates which
are warped on to an observed surface by matching landmark positions and
subsequent local adjustment of the surface.

The aim of the present paper is to provide a new approach which places
anatomical curves at the heart of the surface representation and its analysis.
Curves provide intermediate structures which capture the principal features of
the manifold (surface) of interest through its ridges and valleys. As landmarks
are often available these are used as anchoring points, but surface curvature
information is the principal guide in estimating the curve locations. The sur-
face patches between these curves are relatively flat and can be represented
in a standardised manner by appropriate surface transects to give a complete
surface model.

This new approach does not require the use of a template, reference sam-
ple or any external information to guide the method and, when compared with
a surface based approach, the estimation of curves is shown to have improved
performance. In addition, examples involving applications to mussel shells
and human faces show that the analysis of curve information can deliver more
targeted and effective insight than the use of full surface information.
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SCALABLE HIGH-RESOLUTION FORECASTING OF SPARSE
SPATIOTEMPORAL EVENTS WITH KERNEL METHODS:

A WINNING SOLUTION TO THE NIJ “REAL-TIME
CRIME FORECASTING CHALLENGE”

BY SETH FLAXMAN∗,1, MICHAEL CHIRICO†, PAU PEREIRA‡ AND
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We propose a generic spatiotemporal event forecasting method which
we developed for the National Institute of Justice’s (NIJ) Real-Time Crime
Forecasting Challenge (National Institute of Justice (2017)). Our method is
a spatiotemporal forecasting model combining scalable randomized Repro-
ducing Kernel Hilbert Space (RKHS) methods for approximating Gaussian
processes with autoregressive smoothing kernels in a regularized supervised
learning framework. While the smoothing kernels capture the two main ap-
proaches in current use in the field of crime forecasting, kernel density es-
timation (KDE) and self-exciting point process (SEPP) models, the RKHS
component of the model can be understood as an approximation to the pop-
ular log-Gaussian Cox Process model. For inference, we discretize the spa-
tiotemporal point pattern and learn a log-intensity function using the Poisson
likelihood and highly efficient gradient-based optimization methods. Model
hyperparameters including quality of RKHS approximation, spatial and tem-
poral kernel lengthscales, number of autoregressive lags and bandwidths for
smoothing kernels as well as cell shape, size and rotation, were learned using
cross validation. Resulting predictions significantly exceeded baseline KDE
estimates and SEPP models for sparse events.
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ON BAYESIAN NEW EDGE PREDICTION AND ANOMALY
DETECTION IN COMPUTER NETWORKS1

BY SILVIA METELLI∗ AND NICHOLAS HEARD∗,†

Imperial College London∗ and Heilbronn Institute for Mathematical Research†

Monitoring computer network traffic for anomalous behaviour presents
an important security challenge. Arrivals of new edges in a network graph
represent connections between a client and server pair not previously ob-
served, and in rare cases these might suggest the presence of intruders or mali-
cious implants. We propose a Bayesian model and anomaly detection method
for simultaneously characterising existing network structure and modelling
likely new edge formation. The method is demonstrated on real computer
network authentication data and successfully identifies some machines which
are known to be compromised.
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BAYESIAN INDICATOR VARIABLE SELECTION TO
INCORPORATE HIERARCHICAL OVERLAPPING GROUP

STRUCTURE IN MULTI-OMICS APPLICATIONS

BY LI ZHU1,∗, ZHIGUANG HUO†, TIANZHOU MA1,‡, STEFFI OESTERREICH∗
AND GEORGE C. TSENG1,∗

University of Pittsburgh∗, University of Florida† and University of Maryland‡

Variable selection is a pervasive problem in modern high-dimensional
data analysis where the number of features often exceeds the sample size
(a.k.a. small-n-large-p problem). Incorporation of group structure knowl-
edge to improve variable selection has been widely studied. Here, we con-
sider prior knowledge of a hierarchical overlapping group structure to im-
prove variable selection in regression setting. In genomics applications, for
instance, a biological pathway contains tens to hundreds of genes and a gene
can be mapped to multiple experimentally measured features (such as its
mRNA expression, copy number variation and methylation levels of possibly
multiple sites). In addition to the hierarchical structure, the groups at the same
level may overlap (e.g., two pathways can share common genes). Incorporat-
ing such hierarchical overlapping groups in traditional penalized regression
setting remains a difficult optimization problem. Alternatively, we propose a
Bayesian indicator model that can elegantly serve the purpose. We evaluate
the model in simulations and two breast cancer examples, and demonstrate
its superior performance over existing models. The result not only enhances
prediction accuracy but also improves variable selection and model interpre-
tation that lead to deeper biological insight of the disease.
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HIERARCHICAL INFINITE FACTOR MODELS FOR IMPROVING
THE PREDICTION OF SURGICAL COMPLICATIONS FOR

GERIATRIC PATIENTS

BY ELIZABETH LORENZI∗, RICARDO HENAO† AND KATHERINE HELLER†

Berry Consultants∗ and Duke University†

Nearly a third of all surgeries performed in the United States occur for
patients over the age of 65; these older adults experience a higher rate of post-
operative morbidity and mortality. To improve the care for these patients, we
aim to identify and characterize high risk geriatric patients to send to a spe-
cialized perioperative clinic while leveraging the overall surgical population
to improve learning. To this end, we develop a hierarchical infinite latent fac-
tor model (HIFM) to appropriately account for the covariance structure across
subpopulations in data. We propose a novel Hierarchical Dirichlet Process
shrinkage prior on the loadings matrix that flexibly captures the underlying
structure of our data while sharing information across subpopulations to im-
prove inference and prediction. The stick-breaking construction of the prior
assumes an infinite number of factors and allows for each subpopulation to
utilize different subsets of the factor space and select the number of factors
needed to best explain the variation. We develop the model into a latent factor
regression method that excels at prediction and inference of regression coef-
ficients. Simulations validate this strong performance compared to baseline
methods. We apply this work to the problem of predicting surgical complica-
tions using electronic health record data for geriatric patients and all surgical
patients at Duke University Health System (DUHS). The motivating applica-
tion demonstrates the improved predictive performance when using HIFM in
both area under the ROC curve and area under the PR Curve while providing
interpretable coefficients that may lead to actionable interventions.
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A GENERAL THEORY FOR PREFERENTIAL SAMPLING IN
ENVIRONMENTAL NETWORKS1

BY JOE WATSON∗, JAMES V. ZIDEK∗ AND GAVIN SHADDICK†

University of British Columbia∗ and University of Exeter†

This paper presents a general model framework for detecting the pref-
erential sampling of environmental monitors recording an environmental
process across space and/or time. This is achieved by considering the joint
distribution of an environmental process with a site-selection process that
considers where and when sites are placed to measure the process. The envi-
ronmental process may be spatial, temporal or spatio-temporal in nature. By
sharing random effects between the two processes, the joint model is able to
establish whether site placement was stochastically dependent of the environ-
mental process under study. Furthermore, if stochastic dependence is identi-
fied between the two processes, then inferences about the probability distri-
bution of the spatio-temporal process will change, as will predictions made
of the process across space and time. The embedding into a spatio-temporal
framework also allows for the modelling of the dynamic site-selection pro-
cess itself. Real-world factors affecting both the size and location of the net-
work can be easily modelled and quantified. Depending upon the choice of
the population of locations considered for selection across space and time
under the site-selection process, different insights about the precise nature of
preferential sampling can be obtained. The general framework developed in
the paper is designed to be easily and quickly fit using the R-INLA package.
We apply this framework to a case study involving particulate air pollution
over the UK where a major reduction in the size of a monitoring network
through time occurred. It is demonstrated that a significant response-biased
reduction in the air quality monitoring network occurred, namely the relo-
cation of monitoring sites to locations with the highest pollution levels, and
the routine removal of sites at locations with the lowest. We also show that
the network was consistently unrepresenting levels of particulate matter seen
across much of GB throughout the operating life of the network. Finally we
show that this may have led to a severe overreporting of the population-
average exposure levels experienced across GB. This could have great im-
pacts on estimates of the health effects of black smoke levels.
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