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FUNCTIONAL EMULATION OF HIGH RESOLUTION TSUNAMI
MODELLING OVER CASCADIA

BY SERGE GUILLAS*!, ANDRIA SARRI*, SIMON J. DaY*!, X1A0YU LIU*
AND FREDERIC DiAs’

University College London™ and University College Dublin'

The rarity of tsunamis impels the scientific community to rely on numer-
ical simulation for planning and risk assessment purposes because of the low
availability of actual data from historic events. Numerical models, also called
simulators, typically produce time series of outputs. Due to the large compu-
tational cost of such simulators, statistical emulation is required to carry out
uncertainty quantification tasks, as emulators efficiently approximate simula-
tors. There is thus a need to create emulators that respect the nature of time
series outputs. We introduce here a novel statistical emulation of the input-
output dependence of these computer models. We employ the Outer Prod-
uct Emulator with two enhancements. Functional registration and Functional
Principal Components techniques improve the predictions of the emulator.
Our phase registration method captures fine variations in amplitude. Smooth-
ness in the time series of outputs is modelled, and we are thus able to se-
lect more representative, and more parsimonious, regression functions than a
fixed basis method such as a Fourier basis. We apply this approach to the high
resolution tsunami wave propagation and coastal inundation for the Cascadia
region in the Pacific Northwest. The coseismic representation in this analy-
sis is novel, and more realistic than in previous studies. With the help of the
emulator, we can carry out sensitivity analysis of the maximum wave eleva-
tion with respect to the source characteristics, and we are able to propagate
uncertainties from the source characteristics to wave heights in order to issue
probabilistic statements about tsunami hazard for Cascadia.
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MULTI-RUBRIC MODELS FOR ORDINAL SPATIAL DATA
WITH APPLICATION TO ONLINE RATINGS DATA

BY ANTONIO R. LINERO!, JONATHAN R. BRADLEY? AND APURVA DESAI
Florida State University

Interest in online rating data has increased in recent years in which ordi-
nal ratings of products or local businesses are provided by users of a website,
such as Yelp! or Amazon. One source of heterogeneity in ratings is that
users apply different standards when supplying their ratings; even if two users
benefit from a product the same amount, they may translate their benefit into
ratings in different ways. In this article we propose an ordinal data model,
which we refer to as a multi-rubric model, which treats the criteria used to
convert a latent utility into a rating as user-specific random effects, with the
distribution of these random effects being modeled nonparametrically. We
demonstrate that this approach is capable of accounting for this type of vari-
ability in addition to usual sources of heterogeneity due to item quality, user
biases, interactions between items and users and the spatial structure of the
users and items. We apply the model developed here to publicly available data
from the website Yelp! and demonstrate that it produces interpretable clus-
terings of users according to their rating behavior, in addition to providing
better predictions of ratings and better summaries of overall item quality.
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THE EFFECTS OF NONIGNORABLE MISSING DATA
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PROTEOMICS EXPERIMENTS!

BY JONATHON J. O’ BRIEN*, HARSHA P. GUNAWARDENAT, JOAO A. PAULO*,
XI1AN CHEN', JOSEPH G. IBRAHIM', STEVEN P. GYGI* AND
BAHJAT F. QAQIsH'

Harvard Medical School* and University of North Carolina at Chapel Hillt

An idealized version of a label-free discovery mass spectrometry pro-
teomics experiment would provide absolute abundance measurements for a
whole proteome, across varying conditions. Unfortunately, this ideal is not
realized. Measurements are made on peptides requiring an inferential step to
obtain protein level estimates. The inference is complicated by experimental
factors that necessitate relative abundance estimation and result in widespread
nonignorable missing data. Relative abundance on the log scale takes the form
of parameter contrasts. In a complete-case analysis, contrast estimates may be
biased by missing data, and a substantial amount of useful information will
often go unused.

To avoid problems with missing data, many analysts have turned to single
imputation solutions. Unfortunately, these methods often create further diffi-
culties by hiding inestimable contrasts, preventing the recovery of interblock
information and failing to account for imputation uncertainty. To mitigate
many of the problems caused by missing values, we propose the use of a
Bayesian selection model. Our model is tested on simulated data, real data
with simulated missing values, and on a ground truth dilution experiment
where all of the true relative changes are known. The analysis suggests that
our model, compared with various imputation strategies and complete-case
analyses, can increase accuracy and provide substantial improvements to in-
terval coverage.
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Accurately forecasting solar power using the data from multiple sources
is an important but challenging problem. Our goal is to combine two different
physics model forecasting outputs with real measurements from an automated
monitoring network so as to better predict solar power in a timely manner.
To this end, we propose a new approach of analyzing large-scale multilevel
models with great computational efficiency requiring minimum monitoring
and intervention. This approach features a division of the large scale data
set into smaller ones with manageable sizes, based on their physical loca-
tions, and fit a local model in each area. The local model estimates are then
combined sequentially from the specified multilevel models using our novel
bottom-up approach for parameter estimation. The prediction, on the other
hand, is implemented in a top-down matter. The proposed method is applied
to the solar energy prediction problem for the U.S. Department of Energy’s
SunShot Initiative.
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ePCA: HIGH DIMENSIONAL EXPONENTIAL FAMILY PCA
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Many applications involve large datasets with entries from exponential
family distributions. Our main motivating application is photon-limited imag-
ing, where we observe images with Poisson distributed pixels. We focus on
X-ray Free Electron Lasers (XFEL), a quickly developing technology whose
goal is to reconstruct molecular structure. In XFEL, estimating the princi-
pal components of the noiseless distribution is needed for denoising and for
structure determination. However, the standard method, Principal Component
Analysis (PCA), can be inefficient in non-Gaussian noise.

Motivated by this application, we develop ePCA (exponential family
PCA), a new methodology for PCA on exponential families. ePCA is a fast
method that can be used very generally for dimension reduction and denois-
ing of large data matrices with exponential family entries.

We conduct a substantive XFEL data analysis using ePCA. We show that
ePCA estimates the PCs of the distribution of images more accurately than
PCA and alternatives. Importantly, it also leads to better denoising. We also
provide theoretical justification for our estimator, including the convergence
rate and the Marchenko—Pastur law in high dimensions. An open-source im-
plementation is available.
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RANK TESTS IN UNMATCHED CLUSTERED RANDOMIZED
TRIALS APPLIED TO A STUDY OF TEACHER TRAINING

BY PENG DING! AND LUKE KEELE
University of California, Berkeley and Georgetown University

In the Teacher and Leader Performance Evaluation Systems study,
schools were randomly assigned to receive new measures of teacher and prin-
cipal performance. One outcome in the study, measured at the teacher level,
was truncated at zero, and displayed a long tail. Rank-based statistics are one
natural method to apply to such outcomes, since inferences will be robust and
exact, and we can avoid assumptions about the model that generated the data.
We investigate four different possible rank statistics that vary in the form of
weighting applied to clusters. Each test statistic has the correct level but may
vary in terms of the power to detect departures from the null. We conduct
simulations for power comparing to linear mixed models with Normal, 7, and
Cauchy errors. We obtain a point estimate and construct confidence inter-
vals by applying the Tobit model of effects, which assumes that treatment
increases the outcome by a constant amount but only if the response under
control would be positive. We also develop a formal randomization-based
method for testing the appropriateness of the Tobit model of effects. In the
data from the study, we find no evidence against the Tobit model of effects.
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MARKED SELF-EXCITING POINT PROCESS MODELLING
OF INFORMATION DIFFUSION ON TWITTER

BY FENG CHEN AND WAI HONG TAN
UNSW Sydney

Information diffusion occurs on microblogging platforms like Twitter as
retweet cascades. When a tweet is posted, it may be retweeted and hence-
forth further retweeted, and the retweeting process continues iteratively and
indefinitely. A natural measure of the popularity of a tweet is the number
of retweets it generates. Accurate predictions of tweet popularity can assist
Twitter to rank contents more effectively and facilitate the assessment of po-
tential for marketing and campaigning strategies. In this paper, we propose a
model called the Marked Self-Exciting Process with Time-Dependent Exci-
tation Function, or MaSEPTIDE for short, to model the retweeting dynamics
and to predict the tweet popularity. Our model does not require expensive
feature engineering but is capable of leveraging the observed dynamics to ac-
curately predict the future evolution of retweet cascades. We apply our pro-
posed methodology on a large amount of Twitter data and report substantial
improvement in prediction performance over existing approaches in the liter-
ature.
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STANDARDIZATION OF MULTIVARIATE GAUSSIAN MIXTURE
MODELS AND BACKGROUND ADJUSTMENT OF PET IMAGES IN
BRAIN ONCOLOGY!

BY MENG LI AND ARMIN SCHWARTZMAN
Rice University and University of California, San Diego

In brain oncology, it is routine to evaluate the progress or remission of the
disease based on the differences between a pre-treatment and a post-treatment
Positron Emission Tomography (PET) scan. Background adjustment is nec-
essary to reduce confounding by tissue-dependent changes not related to the
disease. When modeling the voxel intensities for the two scans as a bivariate
Gaussian mixture, background adjustment translates into standardizing the
mixture at each voxel, while tumor lesions present themselves as outliers to be
detected. In this paper, we address the question of how to standardize the mix-
ture to a standard multivariate normal distribution, so that the outliers (i.e.,
tumor lesions) can be detected using a statistical test. We show theoretically
and numerically that the tail distribution of the standardized scores is favor-
ably close to standard normal in a wide range of scenarios while being con-
servative at the tails, validating voxelwise hypothesis testing based on stan-
dardized scores. To address standardization in spatially heterogeneous image
data, we propose a spatial and robust multivariate expectation-maximization
(EM) algorithm, where prior class membership probabilities are provided by
transformation of spatial probability template maps and the estimation of the
class mean and covariances are robust to outliers. Simulations in both univari-
ate and bivariate cases suggest that standardized scores with soft assignment
have tail probabilities that are either very close to or more conservative than
standard normal. The proposed methods are applied to a real data set from
a PET phantom experiment, yet they are generic and can be used in other
contexts.
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GAUSSIAN PROCESS MODELLING IN APPROXIMATE BAYESIAN
COMPUTATION TO ESTIMATE HORIZONTAL GENE
TRANSFER IN BACTERIA

BY MARKO JARVENPAA*, MICHAEL U. GUTMANNT, AKI VEHTARI* AND
PEKKA MARTTINEN*1

Aalto University* and University of Edinburgh’

Approximate Bayesian computation (ABC) can be used for model fitting
when the likelihood function is intractable but simulating from the model is
feasible. However, even a single evaluation of a complex model may take
several hours, limiting the number of model evaluations available. Modelling
the discrepancy between the simulated and observed data using a Gaussian
process (GP) can be used to reduce the number of model evaluations required
by ABC, but the sensitivity of this approach to a specific GP formulation has
not yet been thoroughly investigated. We begin with a comprehensive empiri-
cal evaluation of using GPs in ABC, including various transformations of the
discrepancies and two novel GP formulations. Our results indicate the choice
of GP may significantly affect the accuracy of the estimated posterior distri-
bution. Selection of an appropriate GP model is thus important. We formulate
expected utility to measure the accuracy of classifying discrepancies below
or above the ABC threshold, and show that it can be used to automate the
GP model selection step. Finally, based on the understanding gained with toy
examples, we fit a population genetic model for bacteria, providing insight
into horizontal gene transfer events within the population and from external
origins.
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A SIMULATION-BASED FRAMEWORK FOR ASSESSING THE
FEASIBILITY OF RESPONDENT-DRIVEN SAMPLING FOR
ESTIMATING CHARACTERISTICS IN POPULATIONS OF

LESBIAN, GAY AND BISEXUAL OLDER ADULTS

BY MARYCLARE GRIFFIN*!, KRISTA J. GILE,
KAREN I. FREDRICKSEN-GOLDSEN*, MARK S. HANDCOCK*¥ AND
ELENA A. EROSHEVA*

University of Washington*, University of Massachusetts, Amherst'
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Respondent-driven sampling (RDS) is a method for sampling from a tar-
get population by leveraging social connections. RDS is invaluable to the
study of hard-to-reach populations. However, RDS is costly and can be in-
feasible. RDS is infeasible when RDS point estimators have small effective
sample sizes (large design effects) or when RDS interval estimators have
large confidence intervals relative to estimates obtained in previous studies
or poor coverage. As a result, researchers need tools to assess whether or
not estimation of certain characteristics of interest for specific populations
is feasible in advance. In this paper, we develop a simulation-based frame-
work for using pilot data—in the form of a convenience sample of aggre-
gated, egocentric data and estimates of subpopulation sizes within the target
population—to assess whether or not RDS is feasible for estimating charac-
teristics of a target population. In doing so, we assume that more is known
about egos than alters in the pilot data, which is often the case with ag-
gregated, egocentric data in practice. We build on existing methods for es-
timating the structure of social networks from aggregated, egocentric sam-
ple data and estimates of subpopulation sizes within the target population.
We apply this framework to assess the feasibility of estimating the propor-
tion male, proportion bisexual, proportion depressed and proportion infected
with HIV/AIDS within three spatially distinct target populations of older les-
bian, gay and bisexual adults using pilot data from the Caring and Aging
with Pride Study and the Gallup Daily Tracking Survey. We conclude that
using an RDS sample of 300 subjects is infeasible for estimating the pro-
portion male, but feasible for estimating the proportion bisexual, proportion
depressed and proportion infected with HIV/AIDS in all three target popula-
tions.

Key words and phrases. Respondent-driven sampling, hard to reach populations, social networks,
aggregated egocentric sample data, network sampling.
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SINGLE STAGE PREDICTION WITH EMBEDDED
TOPIC MODELING OF ONLINE REVIEWS
FOR MOBILE APP MANAGEMENT
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Mobile apps are one of the building blocks of the mobile digital econ-
omy. A differentiating feature of mobile apps to traditional enterprise soft-
ware is online reviews, which are available on app marketplaces and represent
a valuable source of consumer feedback on the app. We create a supervised
topic modeling approach for app developers to use mobile reviews as useful
sources of quality and customer feedback, thereby complementing traditional
software testing. The approach is based on a constrained matrix factorization
that leverages the relationship between term frequency and a given response
variable in addition to co-occurrences between terms to recover topics that
are both predictive of consumer sentiment and useful for understanding the
underlying textual themes. The factorization is combined with ordinal regres-
sion to provide guidance from online reviews on a single app’s performance
as well as systematically compare different apps over time for benchmarking
of features and consumer sentiment. We apply our approach using a dataset of
over 100,000 mobile reviews over several years for three of the most popular
online travel agent apps from the iTunes and Google Play marketplaces.
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SENSITIVITY ANALYSIS FOR STRATIFIED COMPARISONS IN AN
OBSERVATIONAL STUDY OF THE EFFECT OF SMOKING ON
HOMOCYSTEINE LEVELS

BY PAUL R. ROSENBAUM
University of Pennsylvania

Sensitivity bounds for randomization inferences exist in several impor-
tant cases, such as matched pairs with any type of outcome or binary out-
comes with any type of stratification, but computationally feasible bounds
for any outcome in any stratification are not currently available. For instance,
with 20 strata, some large, others small, there is no currently available, com-
putationally feasible sensitivity bound testing the null hypothesis of no treat-
ment effect in the presence of a bias from nonrandom treatment assignment
of a specific magnitude. The current paper solves the general problem; it
uses an inequality formed by taking a one-step Taylor approximation from
a near extreme solution, known as the separable approximation, where the
concavity of the underlying function ensures that the Taylor approximation
is, at worst, conservative. In practice, the separable approximation and the
one-step movement away from it provide computationally feasible lower and
upper bounds, thereby providing both a usable, perhaps slightly conservative
statement, together with a check that the conservative statement is not unduly
conservative. In every example that I have tried, the upper and lower bounds
barely differ, although with some effort one can construct examples in which
the separable approximation gives a P-value of 0.0499 and the Taylor ap-
proximation gives 0.0501. The new inequality holds in finite samples, so it
strengthens certain existing asymptotic results, additionally simplifying the
proof of those results. The method is discussed in the context of an obser-
vational study of the effects of smoking on homocysteine levels, a possible
risk factor for several diseases including cardiovascular disease, thrombosis
and Alzheimer’s disease. This study contains two evidence factors, the com-
parison of smokers and nonsmokers and the comparison of smokers to one
another in terms of recent nicotine exposure. A new R package, senstrat,
implements the procedure and illustrates it with the example from the current

paper.
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VARIABLE SELECTION FOR ESTIMATING THE OPTIMAL
TREATMENT REGIMES IN THE PRESENCE OF A LARGE
NUMBER OF COVARIATES!

BY BAQUN ZHANG AND MIN ZHANG?>
Shanghai University of Finance and Economics and University of Michigan

Most existing methods for optimal treatment regimes, with few excep-
tions, focus on estimation and are not designed for variable selection with
the objective of optimizing treatment decisions. In clinical trials and obser-
vational studies, often numerous baseline variables are collected and vari-
able selection is essential for deriving reliable optimal treatment regimes. Al-
though many variable selection methods exist, they mostly focus on select-
ing variables that are important for prediction (predictive variables) instead
of variables that have a qualitative interaction with treatment (prescriptive
variables) and hence are important for making treatment decisions. We pro-
pose a variable selection method within a general classification framework
to select prescriptive variables and estimate the optimal treatment regime si-
multaneously. In this framework, an optimal treatment regime is equivalently
defined as the one that minimizes a weighted misclassification error rate and
the proposed method forward sequentially select prescriptive variables by
minimizing this weighted misclassification error. A main advantage of this
method is that it specifically targets selection of prescriptive variables and in
the meantime is able to exploit predictive variables to improve performance.
The method can be applied to both single- and multiple-decision point setting.
The performance of the proposed method is evaluated by simulation studies
and application to a clinical trial.
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MODELING HYBRID TRAITS FOR COMORBIDITY AND
GENETIC STUDIES OF ALCOHOL AND
NICOTINE CO-DEPENDENCE!'

BY HEPING ZHANG*, DUNGANG L1u", JIWEI ZHAO* AND XUAN BT*

Yale School of Public Health*, University of Cincz"nnatfr and State University of
New York at Buffalo*

We propose a novel multivariate model for analyzing hybrid traits and
identifying genetic factors for comorbid conditions. Comorbidity is a com-
mon phenomenon in mental health in which an individual suffers from multi-
ple disorders simultaneously. For example, in the Study of Addiction: Genet-
ics and Environment (SAGE), alcohol and nicotine addiction were recorded
through multiple assessments that we refer to as hybrid traits. Statistical
inference for studying the genetic basis of hybrid traits has not been well
developed. Recent rank-based methods have been utilized for conducting
association analyses of hybrid traits but do not inform the strength or direction
of effects. To overcome this limitation, a parametric modeling framework
is imperative. Although such parametric frameworks have been proposed in
theory, they are neither well developed nor extensively used in practice due
to their reliance on complicated likelihood functions that have high compu-
tational complexity. Many existing parametric frameworks tend to instead
use pseudo-likelihoods to reduce computational burdens. Here, we develop
a model fitting algorithm for the full likelihood. Our extensive simulation
studies demonstrate that inference based on the full likelihood can control
the type-I error rate, and gains power and improves the effect size estima-
tion when compared with several existing methods for hybrid models. These
advantages remain even if the distribution of the latent variables is mis-
specified. After analyzing the SAGE data, we identify three genetic variants
(rs7672861, rs958331, rs879330) that are significantly associated with the
comorbidity of alcohol and nicotine addiction at the chromosome-wide level.
Moreover, our approach has greater power in this analysis than several exist-
ing methods for hybrid traits.Although the analysis of the SAGE data moti-
vated us to develop the model, it can be broadly applied to analyze any hybrid
responses.
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TREE ENSEMBLES WITH RULE STRUCTURED HORSESHOE
REGULARIZATION

BY MALTE NALENZ AND MATTIAS VILLANI
Linkoping University

We propose a new Bayesian model for flexible nonlinear regression and
classification using tree ensembles. The model is based on the RuleFit ap-
proach in Friedman and Popescu [Ann. Appl. Stat. 2 (2008) 916-954] where
rules from decision trees and linear terms are used in a L1-regularized regres-
sion. We modify RuleFit by replacing the L1-regularization by a horseshoe
prior, which is well known to give aggressive shrinkage of noise predictors
while leaving the important signal essentially untouched. This is especially
important when a large number of rules are used as predictors as many of
them only contribute noise. Our horseshoe prior has an additional hierarchi-
cal layer that applies more shrinkage a priori to rules with a large number
of splits, and to rules that are only satisfied by a few observations. The ag-
gressive noise shrinkage of our prior also makes it possible to complement
the rules from boosting in RuleFit with an additional set of trees from Ran-
dom Forest, which brings a desirable diversity to the ensemble. We sample
from the posterior distribution using a very efficient and easily implemented
Gibbs sampler. The new model is shown to outperform state-of-the-art meth-
ods like RuleFit, BART and Random Forest on 16 datasets. The model and its
interpretation is demonstrated on the well known Boston housing data, and
on gene expression data for cancer classification. The posterior sampling, pre-
diction and graphical tools for interpreting the model results are implemented
in a publicly available R package.
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MODEL TRANSFER ACROSS ADDITIVE MANUFACTURING
PROCESSES VIA MEAN EFFECT EQUIVALENCE
OF LURKING VARIABLES

BY ARMAN SABBAGHI' AND QIANG HUANG?
Purdue University and University of Southern California

Shape deviation models constitute an important component in quality
control for additive manufacturing (AM) systems. However, specified mod-
els have a limited scope of application across the vast spectrum of processes
in a system that are characterized by different settings of process variables,
including lurking variables. We develop a new effect equivalence framework
and Bayesian method that enables deviation model transfer across processes
in an AM system with limited experimental runs. Model transfer is performed
via inference on the equivalent effects of lurking variables in terms of an ob-
served factor whose effect has been modeled under a previously learned pro-
cess. Studies on stereolithography illustrate the ability of our framework to
broaden both the scope of deviation models and the comprehensive under-
standing of AM systems.
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SCALPEL: EXTRACTING NEURONS FROM CALCIUM IMAGING
DATA

BY ASHLEY PETERSEN*, NOAH SIMONT AND DANIELA WITTEN'
University of Minnesota* and University of Washington'

In the past few years, new technologies in the field of neuroscience have
made it possible to simultaneously image activity in large populations of neu-
rons at cellular resolution in behaving animals. In mid-2016, a huge reposi-
tory of this so-called “calcium imaging” data was made publicly available.
The availability of this large-scale data resource opens the door to a host of
scientific questions for which new statistical methods must be developed.

In this paper we consider the first step in the analysis of calcium imag-
ing data—namely, identifying the neurons in a calcium imaging video. We
propose a dictionary learning approach for this task. First, we perform im-
age segmentation to develop a dictionary containing a huge number of can-
didate neurons. Next, we refine the dictionary using clustering. Finally, we
apply the dictionary to select neurons and estimate their corresponding ac-
tivity over time, using a sparse group lasso optimization problem. We assess
performance on simulated calcium imaging data and apply our proposal to
three calcium imaging data sets.

Our proposed approach is implemented in the R package scalpel,
which is available on CRAN.

REFERENCES

AHRENS, M. B., ORGER, M. B., ROBSON, D. N., L1, J. M. and KELLER, P. J. (2013). Whole-
brain functional imaging at cellular resolution using light-sheet microscopy. Nat. Methods 10
413-420.

APTHORPE, N., RIORDAN, A., AGUILAR, R., HOMANN, J., GU, Y., TANK, D. and SEUNG, H. S.
(2016). Automatic neuron detection in calcium imaging data using convolutional networks. In
Advances in Neural Information Processing Systems 3270-3278.

BIEN, J. and TIBSHIRANI, R. (2011). Hierarchical clustering with prototypes via minimax linkage.
J. Amer. Statist. Assoc. 106 1075-1084. MR2894765

BIEN, J. and TIBSHIRANI, R. (2015). protoclust: Hierarchical Clustering with Prototypes. Available
at https://CRAN.R-project.org/package=protoclust. R package version 1.5.

CHEN, T.-W., WARDILL, T. J., SUN, Y., PULVER, S. R., RENNINGER, S. L., BAOHAN, A.,
SCHREITER, E. R., KERR, R. A., ORGER, M. B., JAYARAMAN, V., LOOGER, L. L., Svo-
BODA, K. and K1M, D. S. (2013). Ultrasensitive fluorescent proteins for imaging neuronal activ-
ity. Nature 499 295-300.

DIEGO, F. and HAMPRECHT, F. A. (2013). Learning multi-level sparse representations. In Advances
in Neural Information Processing Systems 818-826.

DIEGO, F. and HAMPRECHT, F. A. (2014). Sparse space—time deconvolution for calcium image
analysis. In Advances in Neural Information Processing Systems 64—72.

Key words and phrases. Calcium imaging, cell sorting, dictionary learning, neuron identification,
segmentation, clustering, sparse group lasso.


http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1159
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=2894765
https://CRAN.R-project.org/package=protoclust

DIEGO, F., REICHINNEK, S., BOTH, M., HAMPRECHT, F. et al. (2013). Automated identification
of neuronal activity from calcium imaging by sparse dictionary learning. In Biomedical Imaging
(ISBI), 2013 IEEE 10th International Symposium on 1058-1061. IEEE Press, New York.

DOMBECK, D. A., KHABBAZ, A. N., COLLMAN, F., ADELMAN, T. L. and TANK, D. W. (2007).
Imaging large-scale neural activity with cellular resolution in awake, mobile mice. Neuron 56
43-57.

FRIEDRICH, J., ZHOU, P. and PANINSKI, L. (2017). Fast online deconvolution of calcium imaging
data. PLoS Comput. Biol. 13 e1005423.

FRIEDRICH, J., SOUDRY, D., MU, Y., FREEMAN, J., AHRES, M. and PANINSKI, L. (2015). Fast
constrained non-negative matrix factorization for whole-brain calcium imaging data. In NIPS
Workshop on Statistical Methods for Understanding Neural Systems.

GOWER, J. C. (2006). Similarity, dissimilarity and distance, measures of. Encyclopedia of Statistical
Sciences.

GRIENBERGER, C. and KONNERTH, A. (2012). Imaging calcium in neurons. Neuron 73 862-885.

HAEFFELE, B., YOUNG, E. and VIDAL, R. (2014). Structured low-rank matrix factorization: Opti-
mality, algorithm, and applications to image processing. In Proceedings of the 31st International
Conference on Machine Learning (ICML-14) 2007-2015.

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

HELMCHEN, F. and DENK, W. (2005). Deep tissue two-photon microscopy. Nat. Methods 2 932—
940.

HUBER, D., GUTNISKY, D. A., PERON, S., O’CONNOR, D. H., WIEGERT, J. S., TIAN, L., OERT-
NER, T. G., LOOGER, L. L. and SVOBODA, K. (2012). Multiple dynamic representations in the
motor cortex during sensorimotor learning. Nature 484 473-478.

JEWELL, S. and WITTEN, D. (2018). Exact spike train inference via £ optimization. Ann. Appl.
Stat. 12 2457-2482.

Ko, H., HOFER, S. B., PICHLER, B., BUCHANAN, K. A., SIOSTROM, P. J. and MRSIC-
FLOGEL, T. D. (2011). Functional specificity of local synaptic connections in neocortical net-
works. Nature 473 87-91.

LOOGER, L. L. and GRIESBECK, O. (2012). Genetically encoded neural activity indicators. Curr.
Opin. Neurobiol. 22 18-23.

MARUYAMA, R., MAEDA, K., MORODA, H., KATO, 1., INOUE, M., MIYAKAWA, H. and AON-
1SHI, T. (2014). Detecting cells using non-negative matrix factorization on calcium imaging data.
Neural Networks 55 11-19.

MELLEN, N. M. and TUONG, C.-M. (2009). Semi-automated region of interest generation for the
analysis of optically recorded neuronal activity. Neuroimage 47 1331-1340.

MISHCHENCKO, Y., VOGELSTEIN, J. T. and PANINSKI, L. (2011). A Bayesian approach for infer-
ring neuronal connectivity from calcium fluorescent imaging data. Ann. Appl. Stat. 5 1229-1261.
MR2849773

MUKAMEL, E. A., NIMMERJAHN, A. and SCHNITZER, M. J. (2009). Automated analysis of cellu-
lar signals from large-scale calcium imaging data. Neuron 63 747-760.

OZzDEN, I., LEE, H. M., SULLIVAN, M. R. and WANG, S. S.-H. (2008). Identification and cluster-
ing of event patterns from in vivo multiphoton optical recordings of neuronal ensembles. J. Neu-
rophysiol. 100 495-503.

PACHITARIU, M., PACKER, A. M., PETTIT, N., DALGLEISH, H., HAUSSER, M. and SAHANI, M.
(2013). Extracting regions of interest from biological images with convolutional sparse block
coding. In Advances in Neural Information Processing Systems 1745-1753.

PANINSKI, L., PILLOW, J. and LEWI, J. (2007). Statistical models for neural encoding, decoding,
and optimal stimulus design. Prog. Brain Res. 165 493-507.

PETERSEN, A., SIMON, N. and WITTEN, D. (2018). Supplement to “SCALPEL: Extracting neurons
from calcium imaging data.” DOI:10.1214/18-AOAS1159SUPP.


http://www.ams.org/mathscinet-getitem?mr=2722294
http://www.ams.org/mathscinet-getitem?mr=2849773
https://doi.org/10.1214/18-AOAS1159SUPP

PNEVMATIKAKIS, E. A., SOUDRY, D., GAO, Y., MACHADO, T. A., MEREL, J., PFAU, D., REAR-
DON, T., MU, Y., LACEFIELD, C., YANG, W. et al. (2016). Simultaneous denoising, deconvolu-
tion, and demixing of calcium imaging data. Neuron 89 285-299.

PREVEDEL, R., YOON, Y.-G., HOFFMANN, M., PAK, N., WETZSTEIN, G., KaTrOo, S,
SCHRODEL, T., RASKAR, R., ZIMMER, M., BOYDEN, E. S. and VAZIRI, A. (2014). Simulta-
neous whole-animal 3D imaging of neuronal activity using light-field microscopy. Nat. Methods
11 727-730.

ROCHEFORT, N. L., JIA, H. and KONNERTH, A. (2008). Calcium imaging in the living brain:
Prospects for molecular medicine. Trends in Molecular Medicine 14 389-399.

SHEN, H. (2016). Brain-data gold mine could reveal how neurons compute. Nature 535 209-210.

SIMON, N., FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2013). A sparse-group lasso. J. Com-
put. Graph. Statist. 22 231-245. MR3173712

SMITH, S. L. and HAUSSER, M. (2010). Parallel processing of visual space by neighboring neurons
in mouse visual cortex. Nature Neuroscience 13 1144—1149.

SONKA, M., HLAVAC, V. and BOYLE, R. (2014). Image Processing, Analysis, and Machine Vision.
Cengage Learning, Boston, MA.

SVOBODA, K. and YASUDA, R. (2006). Principles of two-photon excitation microscopy and its
applications to neuroscience. Neuron 50 823-839.

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

VOGELSTEIN, J. T., PACKER, A. M., MACHADO, T. A., SIPPY, T., BABADI, B., YUSTE, R. and
PANINSKI, L. (2010). Fast nonnegative deconvolution for spike train inference from population
calcium imaging. Journal of Neurophysiology 104 3691-3704.

YUAN, M. and LIN, Y. (2006). Model selection and estimation in regression with grouped variables.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 68 49-67. MR2212574

ZHOU, P., RESENDEZ, S. L., STUBER, G. D., KAss, R. E. and PANINSKI, L. (2016). Efficient
and accurate extraction of in vivo calcium signals from microendoscopic video data. Preprint.
Available at arXiv:1605.07266.


http://www.ams.org/mathscinet-getitem?mr=3173712
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=2212574
http://arxiv.org/abs/arXiv:1605.07266

The Annals of Applied Statistics

2018, Vol. 12, No. 4, 2457-2482
https://doi.org/10.1214/18-A0AS1162

© Institute of Mathematical Statistics, 2018

EXACT SPIKE TRAIN INFERENCE VIA ¢y, OPTIMIZATION

BY SEAN JEWELL! AND DANIELA WITTEN?
University of Washington

In recent years new technologies in neuroscience have made it possible
to measure the activities of large numbers of neurons simultaneously in be-
having animals. For each neuron a fluorescence trace is measured; this can be
seen as a first-order approximation of the neuron’s activity over time. Deter-
mining the exact time at which a neuron spikes on the basis of its fluorescence
trace is an important open problem in the field of computational neuroscience.

Recently, a convex optimization problem involving an £ penalty was pro-
posed for this task. In this paper we slightly modify that recent proposal by
replacing the £ penalty with an £( penalty. In stark contrast to the conven-
tional wisdom that £ optimization problems are computationally intractable,
we show that the resulting optimization problem can be efficiently solved for
the global optimum using an extremely simple and efficient dynamic pro-
gramming algorithm. Our R-language implementation of the proposed algo-
rithm runs in a few minutes on fluorescence traces of 100,000 timesteps. Fur-
thermore, our proposal leads to substantial improvements over the previous
{1 proposal, in simulations as well as on two calcium imaging datasets.

R-language software for our proposal is available on CRAN in the pack-
age LZeroSpikeInference. Instructions for running this software in
python can be found at https://github.com/jewellsean/LZeroSpikelnference.
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HOW OFTEN DOES THE BEST TEAM WIN? A UNIFIED
APPROACH TO UNDERSTANDING RANDOMNESS
IN NORTH AMERICAN SPORT

BY MICHAEL J. LOPEZ, GREGORY J. MATTHEWS AND
BENJAMIN S. BAUMER

Skidmore College, Loyola University Chicago and Smith College

Statistical applications in sports have long centered on how to best sep-
arate signal (e.g., team talent) from random noise. However, most of this
work has concentrated on a single sport, and the development of meaning-
ful cross-sport comparisons has been impeded by the difficulty of translat-
ing luck from one sport to another. In this manuscript we develop Bayesian
state-space models using betting market data that can be uniformly applied
across sporting organizations to better understand the role of randomness
in game outcomes. These models can be used to extract estimates of team
strength, the between-season, within-season and game-to-game variability of
team strengths, as well each team’s home advantage. We implement our ap-
proach across a decade of play in each of the National Football League (NFL),
National Hockey League (NHL), National Basketball Association (NBA) and
Major League Baseball (MLB), finding that the NBA demonstrates both the
largest dispersion in talent and the largest home advantage, while the NHL
and MLB stand out for their relative randomness in game outcomes. We con-
clude by proposing new metrics for judging competitiveness across sports
leagues, both within the regular season and using traditional postseason tour-
nament formats. Although we focus on sports, we discuss a number of other
situations in which our generalizable models might be usefully applied.
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EXTENDING BAYESIAN STRUCTURAL TIME-SERIES ESTIMATES
OF CAUSAL IMPACT TO MANY-HOUSEHOLD
CONSERVATION INITIATIVES!

BY ERIC SCHMITT*, CHRISTOPHER TULL" AND PATRICK ATWATER"
Protix* and California Data Collaborative'

Government agencies offer economic incentives to citizens for conser-
vation actions, such as rebates for installing efficient appliances and com-
pensation for modifications to homes. The intention of these conservation
actions is frequently to reduce the consumption of a utility. Measuring the
conservation impact of incentives is important for guiding policy but doing
so is technically difficult. However, the methods for estimating the impact of
public outreach efforts have seen substantial developments in marketing to
consumers in recent years as marketers seek to substantiate the value of their
services. One such method uses Bayesian Stuctural Time Series (BSTS) to
compare a market exposed to an advertising campaign with control markets
identified through a matching procedure. This paper introduces an extension
of the matching/BSTS method for impact estimation to make it applicable
for general conservation program impact estimation when multihousehold
data is available. This is accomplished by household matching/BSTS steps to
obtain conservation estimates and then aggregating the results using a meta-
regression step to aggregate the findings. A case study examining the impact
of rebates for household turf removal on water consumption in multiple Cali-
fornian water districts is conducted to illustrate the work flow of this method.

REFERENCES

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2007). Synthetic control methods for compar-
ative case studies: Estimating the effect of california’s tobacco control program. Working Paper
12831, National Bureau of Economic Research. Available at http://www.nber.org/papers/w12831.

ANGRIST, J., JORDA, O. and KUERSTEINER, G. (2018). Semiparametric estimates of monetary
policy effects: String theory revisited. J. Bus. Econom. Statist. 36 371-387.

ARELLANO, M. and BONHOMME, S. (2013). Random effects quantile regression. Technical report,
CEMFL

BAMEZAI, A. (1995). Application of difference-in-difference techniques to the evaluation of
drought-tainted water conservation programs. Eval. Rev. 19 559-582.

BRODERSEN, K. H., GALLUSSER, F., KOEHLER, J., REMY, N. and ScoOTT, S. L. (2015). Infer-
ring causal impact using Bayesian structural time-series models. Ann. Appl. Stat. 9 247-274.
MR3341115

CUWCC (2015). Sustainable landscaping: Market transformation. Technical report, California Ur-
ban Water Conservation Council.

ENDTER-WADA, J., KURTZMAN, J., KEENAN, S., KJELGREN, R. and NEALE, C. (2008). Situa-
tional waste in landscape watering: Residential and business water use in an urban Utah commu-
nity. J. Am. Water Resour. Assoc. 44 902-920.

Key words and phrases. Drought, water conservation, meta-analysis, time series.


http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1166
http://www.imstat.org
http://www.nber.org/papers/w12831
http://www.ams.org/mathscinet-getitem?mr=3341115

FIELDING, K. S., SPINKS, A., RUSSELL, S., MCCREA, R., STEWART, R. and GARDNER, J.
(2013). An experimental test of voluntary strategies to promote urban water demand manage-
ment. J. Environ. Manag. 114 343-351.

GEORGE, E. I. and MCcCULLOCH, R. E. (1997). Approaches for Bayesian variable selection. Statist.
Sinica 7 339-373.

GIORGINO, T. (2009). Computing and visualizing dynamic time warping alignments in R: The dtw
package. J. Stat. Softw. 31 1-24.

HARLAN, S. L., YABIKU, S. T., LARSEN, L. and BRAZEL, A. J. (2009). Household water con-
sumption in an arid city: Affluence, affordance, and attitudes. Soc. Nat. Resour. 22 691-709.

HENDRICKS, W. and KOENKER, R. (1992). Hierarchical spline models for conditional quantiles
and the demand for electricity. J. Amer. Statist. Assoc. 87 58—68.

HoLLis, M. (2016). The effects of conservation messaging on retail water deliveries. Water Practice
Technol. 11 26-34.

KOENKER, R. (2004). Quantile regression for longitudinal data. J. Multivariate Anal. 91 74-89.

KOENKER, R. (2005). Quantile Regression. Econometric Society Monographs 38. Cambridge Univ.
Press, Cambridge, MA. MR2268657

KOENKER, R. and BACHE, S. H. (2014). RQPD: Regression quantiles for panel data. Available at
https://R-Forge.R-project.org/projects/rqpd/. R package version 0.6/r10.

LINDLEY, D. V. and SMITH, A. F. M. (1972). Bayes estimates for the linear model. J. Roy. Statist.
Soc. Ser. B34 1-41. MR0415861

MAYER, P., LANDER, P. and GLENN, D. (2015). Outdoor water savings research initiative,
Phase 1—Analysis of published research. Technical report, Alliance for Water Efficiency.

MITCHELL, D. and CHESNUTT, T. (2013). Evaluation of east bay municipal utility district’s pilot of
watersmart home water reports. Technical report, East Bay Municipal Utility District.

MWD (2016). 2015 urban water management plan, draft march 2016. Technical report, The
Metropolitan Water District of Southern California.

OLMSTEAD, S. M., HANEMANN, W. M. and STAVINS, R. N. (2007). Water demand under alter-
native price structures. J. Environ. Econ. Manag. 54 181-198.

QUESNEL, K. J. and AjaMmI, N. K. (2017). Changes in water consumption linked to heavy news
media coverage of extreme climatic events. Sci. Adv. 3(10) Article ID e1700784.

RILEY, R. D., HIGGINS, J. P. T. and DEEKS, J. J. (2011). Interpretation of random effects meta-
analyses. BMJ 342 d549.

ROMER, C. D. and ROMER, D. H. (1989). Does monetary policy matter? A new test in the spirit of
Friedman and Schwartz. Working Paper 2966, National Bureau of Economic Research. Available
at http://www.nber.org/papers/w2966.

VIECHTBAUER, W. (2010). Conducting meta-analyses in R with the metafor package. J. Stat. Softw.
36 1-48.


http://www.ams.org/mathscinet-getitem?mr=2268657
https://R-Forge.R-project.org/projects/rqpd/
http://www.ams.org/mathscinet-getitem?mr=0415861
http://www.nber.org/papers/w2966

The Annals of Applied Statistics

2018, Vol. 12, No. 4, 2540-2558

https://doi.org/10.1214/18-AOAS1167

This work is licensed under CC BY 4.0 https://creativecommons.org/licenses/by/4.0/

A LOCALLY ADAPTIVE PROCESS-CONVOLUTION MODEL FOR
ESTIMATING THE HEALTH IMPACT OF AIR POLLUTION

BY DUNCAN LEE!
University of Glasgow

Most epidemiological air pollution studies focus on severe outcomes
such as hospitalisations or deaths, but this underestimates the impact of air
pollution by ignoring ill health treated in primary care. This paper quantifies
the impact of air pollution on the rates of respiratory medication prescribed
in primary care in Scotland, which is a proxy measure for the prevalence
of less severe respiratory disease. A novel bivariate spatiotemporal process-
convolution model is proposed, which: (i) has increased computational effi-
ciency via a tapering function based on nearest neighbourhoods; and (ii) has
locally adaptive weights that outperform traditional distance-decay kernels.
The results show significant effects of particulate matter on respiratory pre-
scription rates which are consistent with severe endpoint studies.
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UNCERTAINTY THROUGH THE LENSES OF A
MIXED-FREQUENCY BAYESIAN PANEL MARKOV-SWITCHING
MODEL
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We propose a Bayesian panel model for mixed frequency data, where
parameters can change over time according to a Markov process. Our model
allows for both structural instability and random effects. To estimate the
model, we develop a Markov Chain Monte Carlo algorithm for sampling from
the joint posterior distribution, and we assess its performance in simulation
experiments. We use the model to study the effects of macroeconomic uncer-
tainty and financial uncertainty on a set of variables in a multi-country context
including the US, several European countries and Japan. We find that there
are large differences in the effects of uncertainty in the contraction regime
and the expansion regime. The use of mixed frequency data amplifies the rel-
evance of the asymmetry. Financial uncertainty plays a more important role
than macroeconomic uncertainty, and its effects are also more homogeneous
across variables and countries. Disregarding either the mixed-frequency com-
ponent or the Markov-switching mechanism can bring to substantially differ-
ent results.
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DISENTANGLING AND ASSESSING UNCERTAINTIES IN
MULTIPERIOD CORPORATE DEFAULT RISK PREDICTIONS
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Measuring the corporate default risk is broadly important in economics
and finance. Quantitative methods have been developed to predictively as-
sess future corporate default probabilities. However, as a more difficult yet
crucial problem, evaluating the uncertainties associated with the default pre-
dictions remains little explored. In this paper, we attempt to fill this blank by
developing a procedure for quantifying the level of associated uncertainties
upon carefully disentangling multiple contributing sources. Our framework
effectively incorporates broad information from historical default data, cor-
porates’ financial records, and macroeconomic conditions by (a) characteriz-
ing the default mechanism, and (b) capturing the future dynamics of various
features contributing to the default mechanism. Our procedure overcomes the
major challenges in this large scale statistical inference problem and makes it
practically feasible by using parsimonious models, innovative methods, and
modern computational facilities. By predicting the marketwide total number
of defaults and assessing the associated uncertainties, our method can also be
applied for evaluating the aggregated market credit risk level. Upon analyzing
a US market data set, we demonstrate that the level of uncertainties associ-
ated with default risk assessments is indeed substantial. More informatively,
we also find that the level of uncertainties associated with the default risk
predictions is correlated with the level of default risks, indicating potential
for new scopes in practical applications including improving the accuracy of
default risk assessments.

REFERENCES

ALTMAN, E. 1. (1968). Financial ratios, discriminant analysis, and the prediction of corporate
bankruptcy. J. Finance 23 589-609.

ALTMAN, E., RESTI, A. and SIRONI, A. (2004). Default recovery rates in credit risk modelling:
A review of the literature and empirical evidence. Economic Notes 33 183-208.

BAI, J. and NG, S. (2008). Large dimensional factor analysis. Foundations and Trends in Economet-
rics 3 89-163.

BAIL, J. and WANG, P. (2015). Identification and Bayesian estimation of dynamic factor models.
J. Bus. Econom. Statist. 33 221-240. MR3337059

BANBURA, M. and MODUGNO, M. (2014). Maximum likelihood estimation of factor models on
datasets with arbitrary pattern of missing data. J. Appl. Econometrics 29 133-160. MR3233736

BEAVER, W. H. (1966). Financial ratios as predictors of failure. J. Acc. Res. 4 71.

BEAVER, W. H. (1968). Market prices, financial ratios, and the prediction of failure. J. Acc. Res. 6
179.

Key words and phrases. Competing risks, corporate default probability, EM algorithm, dynamic
factor model, high-dimensional time series, prediction interval.


http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1170
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3337059
http://www.ams.org/mathscinet-getitem?mr=3233736

BEAVER, W. H., CORREIA, M. and MCNICHOLS, M. F. (2012). Do differences in financial report-
ing attributes impair the predictive ability of financial ratios for bankruptcy? Rev. Acc. Stud. 17
969-1010.

BHARATH, S. T. and SHUMWAY, T. (2008). Forecasting default with the merton distance to default
model. Rev. Financ. Stud. 21 1339-1369.

BOHNING, D., DIETZ, E., SCHAUB, R., SCHLATTMANN, P. and LINDSAY, B. G. (1994). The
distribution of the likelihood ratio for mixtures of densities from the one-parameter exponential
family. Ann. Inst. Statist. Math. 46 373-388.

BRAUNING, F. and KOOPMAN, S. J. (2014). Forecasting macroeconomic variables using collapsed
dynamic factor analysis. Int. J. Forecast. 30 572-584.

CAMPBELL, J. Y., HILSCHER, J. and SZILAGY]I, J. (2008). In search of distress risk. J. Finance 63
2899-2939.

CHAVA, S. and JARROW, R. A. (2004). Bankruptcy prediction with industry effects. Rev. Finance 8
537-569.

DIEBOLD, F. X. and MARIANO, R. S. (1995). Comparing predictive accuracy. J. Bus. Econom.
Statist. 13 253-263.

DING, A. A., TIAN, S., YU, Y. and GUO, H. (2012). A class of discrete transformation survival
models with application to default probability prediction. J. Amer. Statist. Assoc. 107 990-1003.
MR3010885

DuaN, J.-C., SuUN, J. and WANG, T. (2012). Multiperiod corporate default prediction—A forward
intensity approach. J. Econometrics 170 191-209. MR2955949

DUFFIE, D. (2011). Measuring Corporate Default Risk. Oxford Univ. Press, Oxford.

DUFFIE, D. and LANDO, D. (2001). Term structures of credit spreads with incomplete accounting
information. Econometrica 69 633-664. MR1828538

DUFFIE, D., SAITA, L. and WANG, K. (2007). Multi-period corporate default prediction with
stochastic covariates. J. Financ. Econ. 83 635-665.

DUFFIE, D., ECKNER, A., HOREL, G. and SAITA, L. (2009). Frailty correlated default. J. Finance
64 2089-2123.

DURBIN, J. and KOOPMAN, S. J. (2012). Time Series Analysis by State Space Methods, 2nd ed.
Oxford Statistical Science Series 38. Oxford Univ. Press, Oxford. MR3014996

GIESECKE, K. and KM, B. (2011). Systemic risk: What defaults are telling us. Manage. Sci. 57
1387-1405.

GIESECKE, K., LONGSTAFF, F., SCHAFER, S. and STREBULAEYV, 1. (2011). Corporate bond default
risk: A 150-year perspective. J. Financ. Econ. 102 233-250.

HILLEGEIST, S. A., KEATING, E. K., CRAM, D. P. and LUNDSTEDT, K. G. (2004). Assessing the
probability of bankruptcy. Rev. Acc. Stud. 9 5-34.

HONG, Y. (2013). On computing the distribution function for the Poisson binomial distribution.
Comput. Statist. Data Anal. 59 41-51. MR3000040

HONG, Y., MEEKER, W. Q. and MCCALLEY, J. D. (2009). Prediction of remaining life of power
transformers based on left truncated and right censored lifetime data. Ann. Appl. Stat. 3 857-879.
MR2750685

HOSMER, D. W., LEMESHOW, S. and STURDIVANT, R. X. (2013). Applied Logistic Regression.
John Wiley and Sons Ltd.

KALBFLEISCH, J. D. and PRENTICE, R. L. (2002). The Statistical Analysis of Failure Time Data,
2nd ed. Wiley-Interscience [John Wiley & Sons], Hoboken, NJ. MR1924807

KoOOPMAN, S. J. and LUcAs, A. (2005). Business and default cycles for credit risk. J. Appl. Econo-
metrics 20 311-323. MR2221901

KooPMAN, S. J. and LUcAs, A. (2008). A non-Gaussian panel time series model for estimating
and decomposing default risk. J. Bus. Econom. Statist. 26 510-525. MR2459348

KooprMAN, S. J., LucaAs, A. and MONTEIRO, A. (2008). The multi-state latent factor intensity
model for credit rating transitions. J. Econometrics 142 399-424. MR2408742


http://www.ams.org/mathscinet-getitem?mr=3010885
http://www.ams.org/mathscinet-getitem?mr=2955949
http://www.ams.org/mathscinet-getitem?mr=1828538
http://www.ams.org/mathscinet-getitem?mr=3014996
http://www.ams.org/mathscinet-getitem?mr=3000040
http://www.ams.org/mathscinet-getitem?mr=2750685
http://www.ams.org/mathscinet-getitem?mr=1924807
http://www.ams.org/mathscinet-getitem?mr=2221901
http://www.ams.org/mathscinet-getitem?mr=2459348
http://www.ams.org/mathscinet-getitem?mr=2408742

KoOPMAN, S.J., Lucas, A. and SCHWAAB, B. (2011). Modeling frailty-correlated defaults using
many macroeconomic covariates. J. Econometrics 162 312-325. MR2795620

KooPMAN, S. J., LucAs, A. and SCHWAAB, B. (2012). Dynamic factor models with macro, frailty,
and industry effects for U.S. default counts: The credit crisis of 2008. J. Bus. Econom. Statist. 30
521-532. MR2990495

LAM, C. and YAO, Q. (2012). Factor modeling for high-dimensional time series: Inference for the
number of factors. Ann. Statist. 40 694—726. MR2933663

LAWLESS, J. F. and FREDETTE, M. (2005). Frequentist prediction intervals and predictive distribu-
tions. Biometrika 92 529-542. MR2202644

MEEKER, W. Q. and ESCOBAR, L. A. (1998). Statistical Methods for Reliability Data. Wiley, New
York.

MERTON, R. C. (1974). On the pricing of corporate debt: The risk structure of interest rates. J. Fi-
nance 29 449-470.

OHLSON, J. A. (1980). Financial ratios and the probabilistic prediction of bankruptcy. J. Acc. Res.
18 109.

PAN, J. and YAO, Q. (2008). Modelling multiple time series via common factors. Biometrika 95
365-379. MR2521589

PENG, X. and Kou, S. (2009). Default clustering and valuation of collateralized debt obligations.
Working paper.

SCHWAAB, B., KOOPMAN, S. J. and LUCAS, A. (2017). Global credit risk: World, country and
industry factors. J. Appl. Econometrics 32 296-317. MR3631944

SHUMWAY, T. (2001). Forecasting bankruptcy more accurately: A simple hazard model. J. Bus. 74
101-124.

STOCK, J. H. and WATSON, M. W. (2002). Forecasting using principal components from a large
number of predictors. J. Amer. Statist. Assoc. 97 1167-1179. MR1951271

TSAY, R. S. (2010). Analysis of Financial Time Series, 3rd ed. Wiley, Hoboken, NJ. MR2778591

TSAY, R. S. (2014). Multivariate Time Series Analysis: With R and Financial Applications. Wiley,
Hoboken, NJ. MR3236787

VOLKOVA, A. Y. (1996). A refinement of the central limit theorem for sums of independent random
indicators. Theory Probab. Appl. 40 791-794. MR1405154

YUAN, M., TANG, C. Y., HONG, Y. and YANG, J. (2018). Supplement to “Disentangling and
assessing uncertainties in multiperiod corporate default risk predictions.” DOI:10.1214/18-
AOAS1170SUPP.

ZMUEWSKI, M. E. (1984). Methodological issues related to the estimation of financial distress pre-
diction models. J. Acc. Res. 22 59.


http://www.ams.org/mathscinet-getitem?mr=2795620
http://www.ams.org/mathscinet-getitem?mr=2990495
http://www.ams.org/mathscinet-getitem?mr=2933663
http://www.ams.org/mathscinet-getitem?mr=2202644
http://www.ams.org/mathscinet-getitem?mr=2521589
http://www.ams.org/mathscinet-getitem?mr=3631944
http://www.ams.org/mathscinet-getitem?mr=1951271
http://www.ams.org/mathscinet-getitem?mr=2778591
http://www.ams.org/mathscinet-getitem?mr=3236787
http://www.ams.org/mathscinet-getitem?mr=1405154
https://doi.org/10.1214/18-AOAS1170SUPP
https://doi.org/10.1214/18-AOAS1170SUPP

The Annals of Applied Statistics

2018, Vol. 12, No. 4, 2618-2646
https://doi.org/10.1214/18-AOAS1172

© Institute of Mathematical Statistics, 2018

ON THE EVOLUTION OF THE UNITED KINGDOM PRICE
DISTRIBUTIONS!
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We propose a functional principal components method that accounts for
stratified random sample weighting and time dependence in the observations
to understand the evolution of distributions of monthly micro-level consumer
prices for the United Kingdom (UK). We apply the method to publicly avail-
able monthly data on individual-good prices collected in retail stores by the
UK Office for National Statistics for the construction of the UK Consumer
Price Index from March 1996 to September 2015. In addition, we conduct
Monte Carlo simulations to demonstrate the effectiveness of our methodol-
ogy. Our method allows us to visualize the dynamics of the price distribu-
tion and uncovers interesting patterns during the sample period. Further, we
demonstrate the efficacy of our methodology with an out-of-sample forecast-
ing algorithm which exploits the time dependence of distributions. Our out-
of-sample forecasts compares favorably with the random walk forecast.
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INSTRUMENTAL VARIABLE ANALYSIS WITH CENSORED DATA
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This article discusses an instrumental variable approach for analyzing
censored data that includes many instruments that are weakly associated with
the endogenous variable. We study the effect of imprisonment on time to em-
ployment using an administrative data on all individuals sentenced for felony
in Michigan in the years 2003-2006. Despite the large body of research on
the effect of prison on employment, this is still a controversial topic, espe-
cially since some of the studies could have been affected by unmeasured con-
founding. We take advantage of a natural experiment based on the random
assignment of judges to felony cases and construct a vector of instruments
based on judges’ ID that can avoid the confounding bias. However, some
of the constructed instruments are weakly associated with the sentence type,
that is, the endogenous variable, which can potentially lead to misleading
results. Using a dimension reduction technique, we propose a novel semi-
parametric estimation procedure in a survival context that is robust to the
presence of many weak instruments. Specifically, we construct a test statistic
based on the structural failure time model and provide inference by inverting
the testing procedure. Under some assumptions, the optimal choice of the test
statistic has also been derived. Analyses show a significant negative impact
of imprisonment on time to employment which is consistent with some of the
previous results. Our simulation studies highlight the importance of account-
ing for weak instruments in the analyses in terms of both bias and inflated
type-I error rates.
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VARIATIONAL INFERENCE FOR PROBABILISTIC POISSON PCA'
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AgroParisTech, INRA and Université Paris-Saclay

Many application domains, such as ecology or genomics, have to deal
with multivariate non-Gaussian observations. A typical example is the joint
observation of the respective abundances of a set of species in a series of sites
aiming to understand the covariations between these species. The Gaussian
setting provides a canonical way to model such dependencies but does not ap-
ply in general. We consider here the multivariate exponential family frame-
work for which we introduce a generic model with multivariate Gaussian
latent variables. We show that approximate maximum likelihood inference
can be achieved via a variational algorithm for which gradient descent eas-
ily applies. We show that this setting enables us to account for covariates and
offsets. We then focus on the case of the Poisson-lognormal model in the con-
text of community ecology. We demonstrate the efficiency of our algorithm
on microbial ecology datasets. We illustrate the importance of accounting for
the effects of covariates to better understand interactions between species.
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SPLIT-DOOR CRITERION: IDENTIFICATION OF CAUSAL
EFFECTS THROUGH AUXILIARY OUTCOMES

BY AMIT SHARMA, JAKE M. HOFMAN AND DUNCAN J. WATTS
Microsoft Research

We present a method for estimating causal effects in time series data
when fine-grained information about the outcome of interest is available.
Specifically, we examine what we call the split-door setting, where the out-
come variable can be split into two parts: one that is potentially affected by
the cause being studied and another that is independent of it, with both parts
sharing the same (unobserved) confounders. We show that under these condi-
tions, the problem of identification reduces to that of testing for independence
among observed variables, and propose a method that uses this approach to
automatically find subsets of the data that are causally identified. We demon-
strate the method by estimating the causal impact of Amazon’s recommender
system on traffic to product pages, finding thousands of examples within the
dataset that satisfy the split-door criterion. Unlike past studies based on nat-
ural experiments that were limited to a single product category, our method
applies to a large and representative sample of products viewed on the site.
In line with previous work, we find that the widely-used click-through rate
(CTR) metric overestimates the causal impact of recommender systems; de-
pending on the product category, we estimate that 50-80% of the traffic at-
tributed to recommender systems would have happened even without any rec-
ommendations. We conclude with guidelines for using the split-door criterion
as well as a discussion of other contexts where the method can be applied.
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