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HIERARCHICAL MULTIDIMENSIONAL SCALING FOR THE COMPARISON
OF MUSICAL PERFORMANCE STYLES

BY ANNA K. YANCHENKO* AND PETER D. HOFF†

Department of Statistical Science, Duke University, *anna.yanchenko@duke.edu; †peter.hoff@duke.edu

Quantification of stylistic differences between musical artists is of aca-
demic interest to the music community and is also useful for other appli-
cations, such as music information retrieval and recommendation systems.
Information about stylistic differences can be obtained by comparing the per-
formances of different artists across common musical pieces. In this article
we develop a statistical methodology for identifying and quantifying system-
atic stylistic differences among artists that are consistent across audio record-
ings of a common set of pieces, in terms of several musical features. Our
focus is on a comparison of 10 different orchestras, based on data from audio
recordings of the nine Beethoven symphonies. As generative or fully para-
metric models of raw audio data can be highly complex and more complex
than necessary for our goal of identifying differences between orchestras,
we propose to reduce the data from a set of audio recordings down to pair-
wise distances between orchestras, based on different musical characteristics
of the recordings, such as tempo, dynamics and timbre. For each of these
characteristics, we obtain multiple pairwise distance matrices, one for each
movement of each symphony. We develop a hierarchical multidimensional
scaling (HMDS) model to identify and quantify systematic differences be-
tween orchestras in terms of these three musical characteristics and interpret
the results in the context of known qualitative information about the orches-
tras. This methodology is able to recover several expected systematic simi-
larities between orchestras as well as to identify some more novel results. For
example, we find that modern recordings exhibit a high degree of similarity
to each other, as compared to older recordings.
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MEASURING TIMELINESS OF ANNUAL REPORTS FILING BY JUMP
ADDITIVE MODELS

BY YICHENG KANG

Department of Mathematical Sciences, Bentley University, ykang@bentley.edu

Foreign public issuers (FPIs) are required by the Securities and Ex-
changes Commission (SEC) to file Form 20-F as comprehensive annual re-
ports. In an effort to increase the usefulness of 20-Fs, the SEC recently en-
acted a regulation to accelerate the deadline of 20-F filing from six months
to four months after the fiscal year-end. The rationale is that the shortened
reporting lag would improve the informational relevance of 20-Fs. In this
work we propose a jump additive model to evaluate the SEC’s rationale by
investigating the relationship between the timeliness of 20-F filing and its
decision usefulness using the market data. The proposed model extends the
conventional additive models to allow possible discontinuities in the regres-
sion functions. We suggest a two-step jump-preserving estimation procedure
and show that it is statistically consistent. By applying the procedure to the
20-F study, we find a moderate positive association between the magnitude of
the market reaction and the filing timeliness when the acceleration is less than
17 days. We also find that the market considers the filings significantly more
informative when the acceleration is more than 18 days and such reaction
tapers off when the acceleration exceeds 40 days.
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This paper considers the problem of modeling a firm’s expected return as
a nonlinear function of its observable characteristics. We investigate whether
theoretically-motivated monotonicity constraints on characteristics and non-
stationarity of the conditional expectation function provide statistical and
economic benefit. We present an interpretable model that has similar out-
of-sample performance to black-box machine learning methods. With this
model, the data provide support for monotonicity and time variability of the
conditional expectation function. Additionally, we develop an approach for
characteristic selection using loss functions to summarize the posterior distri-
bution. Standard unexplained volume, short-term reversal, size, and variants
of momentum are found to be significant characteristics, and there is evidence
this set changes over time.
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Concentrations of nitrogen provide a critical metric for understanding
ecosystem function and water quality in lakes. However, varying approaches
for quantifying nitrogen concentrations may bias the comparison of water
quality across lakes and regions. Different measurements of total nitrogen ex-
ist based on its composition (e.g., organic versus inorganic, dissolved versus
particulate), which we refer to as nitrogen species. Fortunately, measurements
of multiple nitrogen species are often collected and can, therefore, be lever-
aged together to inform our understanding of the controls on total nitrogen in
lakes. We develop a multivariate hierarchical statistical model that fuses spe-
ciated nitrogen measurements, obtained across multiple methods of reporting,
in order to improve our estimates of total nitrogen. The model accounts for
lower detection limits and measurement error that vary across lake, species
and observation. By modeling speciated nitrogen, as opposed to previous ef-
forts that mostly consider only total nitrogen, we obtain more resolved infer-
ence with regard to differences in sources of nitrogen and their relationship
with complex environmental drivers. We illustrate the inferential benefits of
our model using speciated nitrogen data from the LAke GeOSpatial and tem-
poral database (LAGOS).
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Data integration methods that analyze multiple sources of data simulta-
neously can often provide more holistic insights than can separate inquiries
of each data source. Motivated by the advantages of data integration in the era
of “big data,” we investigate feature selection for high-dimensional multiview
data with mixed data types (e.g., continuous, binary, count-valued). This het-
erogeneity of multiview data poses numerous challenges for existing feature
selection methods. However, after critically examining these issues through
empirical and theoretically-guided lenses, we develop a practical solution, the
Block Randomized Adaptive Iterative Lasso (B-RAIL) which combines the
strengths of the randomized Lasso, adaptive weighting schemes and stabil-
ity selection. B-RAIL serves as a versatile data integration method for sparse
regression and graph selection, and we demonstrate the effectiveness of B-
RAIL through extensive simulations and a case study to infer the ovarian can-
cer gene regulatory network. In this case study, B-RAIL successfully identi-
fies well-known biomarkers associated with ovarian cancer and hints at novel
candidates for future ovarian cancer research.
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Since 1973, the U.S. State Department has been using electronic record
systems to preserve classified communications. Recently, approximately 1.9
million of these records from 1973–77 have been made available by the U.S.
National Archives. While some of these communication streams have periods
witnessing an acceleration in the rate of transmission, others do not show any
notable patterns in communication intensity. Given the sheer volume of these
communications, far greater than what had been available until now, schol-
ars need automated statistical techniques to identify the communications that
warrant closer study. We develop a statistical framework that can identify
from a large corpus of documents a handful that historians would consider
more interesting. Our approach brings together techniques from nonparamet-
ric signal estimation, statistical hypothesis testing and modern optimization
methods—leading to a set of tools that help us identify and analyze vari-
ous geometrical aspects of the communication streams. Dominant periods of
heightened activities, as identified through these methods, correspond well
with historical events recognized by standard reference works on the 1970s.
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In various fields, data recorded continuously during a time interval and
curve data, such as spectral data, become common. These kinds of data can
be interpreted as functional data. In this paper we have studied binary clas-
sification from only positive and unlabeled functional data (PU classification
for functional data). Our first contribution is to present a simple classification
algorithm for this problem. The key feature of the algorithm is that it is not
required an estimation of the unknown class prior (or the constant probability
that a positive object is labeled). It is worth noting that the idea of our method
can be applied to kernel linear discriminant analysis for general data. Our
second contribution is to prove that, under mild regularity conditions similar
to those in a supervised context, the proposed algorithm can achieve perfect
asymptotic classification in the context of PU classification. In fact, we show
that the proposed algorithm works well not only in numerical experiments but
also for real data examples. Moreover, as an important practical application,
we have used the proposed algorithm to identify handball players at risk for
anterior cruciate ligament (ACL) injury based on ground reaction force data.
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IDENTIFYING MAIN EFFECTS AND INTERACTIONS AMONG
EXPOSURES USING GAUSSIAN PROCESSES

BY FEDERICO FERRARI* AND DAVID B. DUNSON†

Department of Statistical Science, Duke University, *ff31@duke.edu; †dunson@duke.edu

This article is motivated by the problem of studying the joint effect of
different chemical exposures on human health outcomes. This is essentially a
nonparametric regression problem, with interest being focused not on a black
box for prediction but instead on selection of main effects and interactions.
For interpretability we decompose the expected health outcome into a linear
main effect, pairwise interactions and a nonlinear deviation. Our interest is
in model selection for these different components, accounting for uncertainty
and addressing nonidentifiability between the linear and nonparametric com-
ponents of the semiparametric model. We propose a Bayesian approach to
inference, placing variable selection priors on the different components, and
developing a Markov chain Monte Carlo (MCMC) algorithm. A key com-
ponent of our approach is the incorporation of a heredity constraint to only
include interactions in the presence of main effects, effectively reducing di-
mensionality of the model search. We adapt a projection approach developed
in the spatial statistics literature to enforce identifiability in modeling the non-
parametric component using a Gaussian process. We also employ a dimen-
sion reduction strategy to sample the nonlinear random effects that aids the
mixing of the MCMC algorithm. The proposed MixSelect framework is eval-
uated using a simulation study, and is illustrated using data from the National
Health and Nutrition Examination Survey (NHANES). Code is available on
GitHub.
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EFFECTIVE MODEL CALIBRATION VIA SENSIBLE VARIABLE
IDENTIFICATION AND ADJUSTMENT WITH APPLICATION

TO COMPOSITE FUSELAGE SIMULATION
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Estimation of model parameters of computer simulators, also known as
calibration, is an important topic in many engineering applications. In this
paper we consider the calibration of computer model parameters with the
help of engineering design knowledge. We introduce the concept of sensible
(calibration) variables. Sensible variables are model parameters, which are
sensitive in the engineering modeling, and whose optimal values differ from
the engineering design values. We propose an effective calibration method to
identify and to determine appropriate levels for the sensible variables with
limited physical experimental data. The methodology is applied to a compos-
ite fuselage simulation problem.
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An important problem in contemporary immunology studies based on
single-cell protein expression data is to determine whether cellular expres-
sions are remodeled postinfection by a pathogen. One natural approach for
detecting such changes is to use nonparametric two-sample statistical tests.
However, in single-cell studies direct application of these tests is often inade-
quate, because single-cell level expression data from processed uninfected
populations often contain attributes of several latent subpopulations with
highly heterogeneous characteristics. As a result, viruses often infect these
different subpopulations at different rates, in which case the traditional non-
parametric two-sample tests for checking similarity in distributions are no
longer conservative. In this paper, we propose a new nonparametric method
for Testing Remodeling under Heterogeneity (TRUH) that can accurately de-
tect changes in the infected samples compared to possibly heterogeneous un-
infected samples. Our testing framework is based on composite nulls and is
designed to allow the null model to encompass the possibility that the in-
fected samples, though unaltered by the virus, might be dominantly arising
from underrepresented subpopulations in the baseline data. The TRUH statis-
tic, which uses nearest neighbor projections of the infected samples into the
baseline uninfected population, is calibrated using a novel bootstrap algo-
rithm. We demonstrate the nonasymptotic performance of the test via simu-
lation experiments and also derive the large sample limit of the test statistic
which provides theoretical support toward consistent asymptotic calibration
of the test. We use the TRUH statistic for studying remodeling in tonsillar T
cells under different types of HIV infection and find that, unlike traditional
tests which do not have any heterogeneity correction, TRUH based statistical
inference conforms to the biologically validated immunological theories on
HIV infection.
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THE STATISTICAL PERFORMANCE OF MATCHING-ADJUSTED INDIRECT
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Indirect comparisons of treatment-specific outcomes across separate
studies often inform decision making in the absence of head-to-head ran-
domized comparisons. Differences in baseline characteristics between study
populations may introduce confounding bias in such comparisons. Matching-
adjusted indirect comparison (MAIC) (Pharmacoeconomics 28 (2010) 935–
945) has been used to adjust for differences in observed baseline covariates
when the individual patient-level data (IPD) are available for only one study
and aggregate data (AGD) are available for the other study. The approach
weights outcomes from the IPD using estimates of trial selection odds that
balance baseline covariates between the IPD and AGD. With the increasing
use of MAIC, there is a need for formal assessments of its statistical prop-
erties. In this paper we formulate identification assumptions for causal esti-
mands that justify MAIC estimators. We then examine large sample proper-
ties and evaluate strategies for estimating standard errors without the full IPD
from both studies. The finite-sample bias of MAIC and the performance of
confidence intervals based on different standard error estimators are evaluated
through simulations. The method is illustrated through an example comparing
placebo arm and natural history outcomes in Duchenne muscular dystrophy.
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Motivated by the analysis of accelerometer data taken across a popula-
tion of individuals, we introduce a specific finite mixture of hidden Markov
models with particular characteristics that adapt well to the specific nature of
this type of longitudinal data. Our model allows for the computation of statis-
tics that characterize the physical activity of a subject (e.g., the mean time
spent at different activity levels and the probability of the transition between
two activity levels) without specifying the activity levels in advance but by
estimating them from the data. In addition, this approach allows the hetero-
geneity of the population to be taken into account and subpopulations with
homogeneous physical activity behavior to be defined. We prove that, under
mild assumptions, this model implies that the probability of misclassifying a
subject decreases at an exponential decay with the length of its measurement
sequence. Model identifiability is also investigated. We also report a com-
prehensive suite of numerical simulations to support our theoretical findings.
The method is motivated by and applied to the Physical Activity and Transit
Survey.
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Tumor cell population consists of genetically heterogeneous subpopula-
tions, known as subclones. Bulk sequencing data using high-throughput se-
quencing technology provide total and variant DNA and RNA read counts
for many nucleotide loci as a mixture of signals from different subclones.
We present RNDClone as a tool to deconvolute the mixture and reconstruct
the subclones with distinct DNA genotypes and RNA expression profiles. In
particular, we infer the number and population frequencies of subclones as
well as subclonal copy numbers, variant allele numbers and gene expression
levels by jointly modeling DNA and RNA read counts from the same tu-
mor samples based on generalized latent factor models. Incorporating data
at the RNA level provides new insights into intra-tumor heterogeneity in
addition to the existing DNA-based inference. Performance of RNDClone
is assessed using simulated and real-world datasets, including an analysis
of three samples from a lung cancer patient in The Cancer Genome At-
las (TCGA). A potential fatal subclone is identified from the primary tu-
mor which could explain the rapid prognosis and sudden death of the pa-
tient despite a promising diagnosis by conventional standards. The R package
RNDClone is available in the Supplementary Material (Zhou et al. (2020))
and online at https://github.com/tianjianzhou/RNDClone.
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The integration of mobile health (mHealth) devices into behavioral
health research has fundamentally changed the way researchers and interven-
tionalists are able to collect data as well as deploy and evaluate intervention
strategies. In these studies, researchers often collect intensive longitudinal
data (ILD) using ecological momentary assessment methods which aim to
capture psychological, emotional and environmental factors that may relate to
a behavioral outcome in near real time. In order to investigate ILD collected in
a novel, smartphone-based smoking cessation study, we propose a Bayesian
variable selection approach for time-varying effect models, designed to iden-
tify dynamic relations between potential risk factors and smoking behaviors
in the critical moments around a quit attempt. We use parameter-expansion
and data-augmentation techniques to efficiently explore how the underlying
structure of these relations varies over time and across subjects. We achieve
deeper insights into these relations by introducing nonparametric priors for
regression coefficients that cluster similar effects for risk factors while simul-
taneously determining their inclusion. Results indicate that our approach is
well positioned to help researchers effectively evaluate, design and deliver
tailored intervention strategies in the critical moments surrounding a quit at-
tempt.
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Electronic health records (EHRs) are increasingly used for clinical and
comparative effectiveness research but suffer from missing data. Motivated
by health services research on diabetes care, we seek to increase the qual-
ity of EHRs by focusing on missing values of longitudinal glycosylated
hemoglobin (A1c), a key risk factor for diabetes complications and adverse
events. Under the framework of multiple imputation (MI), we propose an in-
dividualized Bayesian latent profiling approach to capture A1c measurement
trajectories subject to missingness. The proposed method is applied to EHRs
of adult patients with diabetes in a large academic Midwestern health system
between 2003 and 2013 and had Medicare A and B coverage. We combine
MI inferences to evaluate the association of A1c levels with the incidence of
acute adverse health events and examine patient heterogeneity across iden-
tified patient profiles. We investigate different missingness mechanisms and
perform imputation diagnostics. Our approach is computationally efficient
and fits flexible models that provide useful clinical insights.
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For most pathogens, testing procedures can be used to distinguish be-
tween different strains with which individuals are infected. Due to the grow-
ing availability of such data, multistrain models have increased in popular-
ity over the past few years. Quantifying the interactions between different
strains of a pathogen is crucial in order to obtain a more complete under-
standing of the transmission process, but statistical methods for this type of
problem are still in the early stages of development. Motivated by this de-
mand, we construct a stochastic epidemic model that incorporates additional
strain information and propose a statistical algorithm for efficient inference.
The model improves upon existing methods in the sense that it allows for both
imperfect diagnostic test sensitivities and strain misclassification. Extensive
simulation studies were conducted in order to assess the performance of our
method, while the utility of the developed methodology is demonstrated on
data obtained from a longitudinal study of Escherichia coli O157:H7 strains
in feedlot cattle.
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Humans are concurrently exposed to chemically, structurally and toxico-
logically diverse chemicals. A critical challenge for environmental epidemi-
ology is to quantify the risk of adverse health outcomes resulting from expo-
sures to such chemical mixtures and to identify which mixture constituents
may be driving etiologic associations. A variety of statistical methods have
been proposed to address these critical research questions. However, they
generally rely solely on measured exposure and health data available within
a specific study. Advancements in understanding of the role of mixtures on
human health impacts may be better achieved through the utilization of exter-
nal data and knowledge from multiple disciplines with innovative statistical
tools. In this paper we develop new methods for health analyses that incorpo-
rate auxiliary information about the chemicals in a mixture, such as physico-
chemical, structural and/or toxicological data. We expect that the constituents
identified using auxiliary information will be more biologically meaningful
than those identified by methods that solely utilize observed correlations be-
tween measured exposure. We develop flexible Bayesian models by specify-
ing prior distributions for the exposures and their effects that include auxiliary
information and examine this idea over a spectrum of analyses from regres-
sion to factor analysis. The methods are applied to study the effects of volatile
organic compounds on emergency room visits in Atlanta. We find that includ-
ing cheminformatic information about the exposure variables improves pre-
diction and provides a more interpretable model for emergency room visits
for respiratory diseases.
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Phylogenetics uses alignments of molecular sequence data to learn
about evolutionary trees. Substitutions in sequences are modelled through a
continuous-time Markov process, characterised by an instantaneous rate ma-
trix, which standard models assume is time-reversible and stationary. These
assumptions are biologically questionable and induce a likelihood function
which is invariant to a tree’s root position. This hampers inference because a
tree’s biological interpretation depends critically on where it is rooted. Relax-
ing both assumptions, we introduce a model whose likelihood can distinguish
between rooted trees. The model is nonstationary with step changes in the
instantaneous rate matrix at each speciation event. Exploiting recent theoret-
ical work, each rate matrix belongs to a nonreversible family of Lie Markov
models. These models are closed under matrix multiplication, so our exten-
sion offers the conceptually appealing property that a tree and all its subtrees
could have arisen from the same family of nonstationary models.

We adopt a Bayesian approach, describe an MCMC algorithm for pos-
terior inference and provide software. The biological insight that our model
can provide is illustrated through an analysis in which nonreversible but sta-
tionary and nonstationary but reversible models cannot identify a plausible
root.
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We consider the problem of modeling and clustering heterogeneous event
data arising from coupled conflict event and social media data sets. In this set-
ting conflict events trigger responses on social media, and, at the same time,
signals of grievance detected in social media may serve as leading indica-
tors for subsequent conflict events. For this purpose we introduce the Hawkes
Binomial Topic Model (HBTM) where marks, Tweets and conflict event de-
scriptions are represented as bags of words following a Binomial distribu-
tion. When viewed as a branching process, the daughter event bag of words
is generated by randomly turning on/off parent words through independent
Bernoulli random variables. We then use expectation–maximization to esti-
mate the model parameters and branching structure of the process. The in-
ferred branching structure is then used for topic cascade detection, short-term
forecasting, and investigating the causal dependence of grievance on social
media and conflict events in recent elections in Nigeria and Kenya.
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The problem of maximizing cell type discovery under budget constraints
is a fundamental challenge for the collection and analysis of single-cell RNA-
sequencing (scRNA-seq) data. In this paper we introduce a simple, compu-
tationally efficient and scalable Bayesian nonparametric sequential approach
to optimize the budget allocation when designing a large-scale experiment
for the collection of scRNA-seq data for the purpose of, but not limited to,
creating cell atlases. Our approach relies on the following tools: (i) a hier-
archical Pitman–Yor prior that recapitulates biological assumptions regard-
ing cellular differentiation, and (ii) a Thompson sampling multiarmed bandit
strategy that balances exploitation and exploration to prioritize experiments
across a sequence of trials. Posterior inference is performed by using a se-
quential Monte Carlo approach which allows us to fully exploit the sequen-
tial nature of our species sampling problem. We empirically show that our
approach outperforms state-of-the-art methods and achieves near-Oracle per-
formance on simulated and scRNA-seq data alike. HPY-TS code is available
at https://github.com/fedfer/HPYsinglecell.
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The Mars rover Curiosity carries an instrument called ChemCam to de-
termine the composition of the soil and rocks via laser-induced breakdown
spectroscopy (LIBS). Los Alamos National Laboratory has developed a simu-
lation capability that can predict spectra from ChemCam, but there are major-
scale differences between the prediction and observation. This presents a
challenge when using Bayesian model calibration to determine the unknown
physical parameters that describe the LIBS observations. We present an anal-
ysis of LIBS data to support ChemCam based on including a structured dis-
crepancy model in a Bayesian model-calibration scheme. This is both a novel
application and an illustration of the importance of setting scientifically in-
formed and constrained discrepancy models within Bayesian model calibra-
tion.
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Obtaining an adequate description of the behaviour of narwhals in a pris-
tine environment is important to understand natural behaviour as well as pro-
viding the means to determine potential changes in behaviour directly or in-
directly caused by human activity. Based on AcousondeTM data from five
narwhals in Scoresby Sound, this paper aims at modelling buzzing and call-
ing rates of East Greenland narwhals as functions of time, space and, pos-
sibly, autoregressive memory. Both buzzing and calling are sounds produced
by narwhals. Buzzing is a way for the whale to navigate and locate prey using
echolocation, while calling is associated with social communication between
whales. Logistic regression models without and with autoregressive compo-
nents are compared based on AIC and comparatively assessed using diagnos-
tics from point process theory. Adding an autoregressive component appears
to improve the models, and further improvements for the buzzing model are
made with a non-GLM extension. Effects of extrinsic covariates and memory
are presented and interpreted. Buzzing occurs at deeper depths, and initia-
tions of buzzes are separated by refractory periods. A possible feeding area
is identified. Calling occurs closer to the surface, and, while the probability
of calling in general is lower than buzzing, it is more likely that calls are
clustered together rather than spread randomly.
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REGION-REFERENCED SPECTRAL POWER DYNAMICS OF EEG
SIGNALS: A HIERARCHICAL MODELING APPROACH

BY QIAN LI1,*, JOHN SHAMSHOIAN1, DAMLA ŞENTÜRK1, CATHERINE SUGAR1,
SHAFALI JESTE2, CHARLOTTE DISTEFANO2 AND DONATELLO TELESCA1,†
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Functional brain imaging through electroencephalography (EEG) relies
upon the analysis and interpretation of high-dimensional, spatially organized
time series. We propose to represent time-localized frequency domain char-
acterizations of EEG data as region-referenced functional data. This rep-
resentation is coupled with a hierarchical regression modeling approach to
multivariate functional observations. Within this familiar setting we discuss
how several prior models relate to structural assumptions about multivariate
covariance operators. An overarching modeling framework, based on infi-
nite factorial decompositions, is finally proposed to balance flexibility and
efficiency in estimation. The motivating application stems from a study of
implicit auditory learning, in which typically developing (TD) children, and
children with autism spectrum disorder (ASD) were exposed to a continu-
ous speech stream. Using the proposed model, we examine differential band
power dynamics as brain function is interrogated throughout the duration of
a computer-controlled experiment. Our work offers a novel look at previous
findings in psychiatry and provides further insights into the understanding
of ASD. Our approach to inference is fully Bayesian and implemented in a
highly optimized Rcpp package.
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LI, Q., SHAMSHOIAN, J., ŞENTÜRK, D., SUGAR, C., JESTE, S., DISTEFANO, C. and TELESCA, D. (2020b).
Source code for: “Region-referenced spectral power dynamics of EEG signals: A hierarchical modeling ap-
proach” https://doi.org/10.1214/20-AOAS1374SUPPB

LORD, C., RISI, S., LAMBRECHT, L., COOK, E. H., LEVENTHAL, B. L., DILAVORE, P. C., PICKLES, A. and
RUTTER, M. (2000). The autism diagnostic observation schedule—generic: A standard measure of social and
communication deficits associated with the spectrum of autism. J. Autism Dev. Disord. 30 205–223.

LYNCH, B. and CHEN, K. (2018). A test of weak separability for multi-way functional data, with application to
brain connectivity studies. Biometrika 105 815–831. MR3877867 https://doi.org/10.1093/biomet/asy048

MILLS, D. L., COFFEY-CORINA, S. A. and NEVILLE, H. J. (1993). Language acquisition and cerebral special-
ization in 20-month-old infants. J. Cogn. Neurosci. 5 317–334.

MONTAGNA, S., TOKDAR, S. T., NEELON, B. and DUNSON, D. B. (2012). Bayesian latent factor regression for
functional and longitudinal data. Biometrics 68 1064–1073. MR3040013 https://doi.org/10.1111/j.1541-0420.
2012.01788.x

MURIAS, M., WEBB, S. J., GREENSON, J. and DAWSON, G. (2007). Resting state cortical connectivity reflected
in EEG coherence in individuals with autism. Biological Psychiatry 62 270–273.

NISHIMURA, A. and SUCHARD, M. A. (2018). Prior-preconditioned conjugate gradient method for acceler-
ated Gibbs sampling in “large n & large p” sparse Bayesian regression. Technical Report, arXiv preprint
arXiv:1810.12437.

OMBAO, H. and HO, M. R. (2006). Time-dependent frequency domain principal components analysis of mul-
tichannel non-stationary signals. Comput. Statist. Data Anal. 50 2339–2360. MR2225573 https://doi.org/10.
1016/j.csda.2004.12.011

PARK, S. Y. and STAICU, A.-M. (2015). Longitudinal functional data analysis. Stat 4 212–226. MR3405402
https://doi.org/10.1002/sta4.89

ROJAS, D. C. and WILSON, L. B. (2014). γ -Band abnormalities as markers of autism spectrum disorders.
Biomark. Med. 8 353–368.

SABY, J. N. and MARSHALL, P. J. (2012). The utitlity of EEG band power analysis in the study of infancy and
early childhood. Dev. Neuropsychol. 37 253–273.

SCHEFFLER, A., TELESCA, D., LI, Q., SUGAR, C. A., DISTEFANO, C., JESTE, S. and ŞENTÜRK, D. (2020).
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MITIGATING UNOBSERVED SPATIAL CONFOUNDING WHEN
ESTIMATING THE EFFECT OF SUPERMARKET ACCESS ON

CARDIOVASCULAR DISEASE DEATHS

BY PATRICK M. SCHNELL1 AND GEORGIA PAPADOGEORGOU2

1Division of Biostatistics, College of Public Health, The Ohio State University, schnell.31@osu.edu
2Department of Statistics, University of Florida, gpapadogeorgou@ufl.edu

Confounding by unmeasured spatial variables has received some atten-
tion in the spatial statistics and causal inference literatures, but concepts and
approaches have remained largely separated. In this paper we aim to bridge
these distinct strands of statistics by considering unmeasured spatial con-
founding within a causal inference framework and estimating effects using
outcome regression tools popular within the spatial literature. First, we show
how using spatially correlated random effects in the outcome model, an ap-
proach common among spatial statisticians, does not necessarily mitigate bias
due to spatial confounding, a previously published but not universally known
result. Motivated by the bias term of commonly-used estimators, we propose
an affine estimator which addresses this deficiency. We discuss how unbiased
estimation of causal parameters in the presence of unmeasured spatial con-
founding can only be achieved under an untestable set of assumptions which
will often be application specific. We provide a set of assumptions which de-
scribe how the exposure and outcome of interest relate to the unmeasured
variables, and we show that this set of assumptions is sufficient for identifica-
tion of the causal effect based on the observed data when spatial dependencies
can be represented by a ring graph. We implement our method using a fully
Bayesian approach applicable to any type of outcome variable. This work is
motivated by and used to estimate the effect of county-level limited access to
supermarkets on the rate of cardiovascular disease deaths in the elderly across
the whole continental United States. Even though standard approaches return
null or protective effects, our approach uncovers evidence of unobserved spa-
tial confounding and indicates that limited supermarket access has a harmful
effect on cardiovascular mortality.

REFERENCES

AMERICAN HEART ASSOCIATION (2019). Heart disease and stroke statistics—2019 update: A report from the
American Heart Association. Circulation 139 e56–e528.

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

BANERJEE, S., CARLIN, B. P. and GELFAND, A. E. (2004). Hierarchical Modeling and Analysis for Spatial
Data. CRC Press, Boca Raton, FL. MR3362184

BARON, R. M. and KENNY, D. A. (1986). The moderator-mediator variable distinction in social psychological
research: Conceptual, strategic, and statistical considerations. J. Pers. Soc. Psychol. 51 1173–1182.

BELLONI, A., CHERNOZHUKOV, V. and HANSEN, C. (2014). Inference on treatment effects after selection
among high-dimensional controls. Rev. Econ. Stud. 81 608–650. MR3207983 https://doi.org/10.1093/restud/
rdt044

BESAG, J. (1974). Spatial interaction and the statistical analysis of lattice systems. J. Roy. Statist. Soc. Ser. B 36
192–236. MR0373208

CENTERS FOR DISEASE CONTROL (2018). Underlying Cause of Death 1999–2017 on CDC WONDER Online
Database. https://wonder.csc.gov/ucd-icd10.html.

Key words and phrases. Causal inference, cardiovascular disease, food access, Markov random field, spatial
confounding, unmeasured confounding.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1377
http://www.imstat.org
mailto:schnell.31@osu.edu
mailto:gpapadogeorgou@ufl.edu
http://www.ams.org/mathscinet-getitem?mr=3960772
https://doi.org/10.1214/18-BA1131
http://www.ams.org/mathscinet-getitem?mr=3362184
http://www.ams.org/mathscinet-getitem?mr=3207983
https://doi.org/10.1093/restud/rdt044
http://www.ams.org/mathscinet-getitem?mr=0373208
https://wonder.csc.gov/ucd-icd10.html
https://doi.org/10.1093/restud/rdt044


CHUNG, Y., RABE-HESKETH, S. and CHOI, I.-H. (2013). Avoiding zero between-study variance estimates in
random-effects meta-analysis. Stat. Med. 32 4071–4089. MR3102435 https://doi.org/10.1002/sim.5821

CONGDON, P. (2013). Assessing the impact of socioeconomic variables on small area variations in suicide out-
comes in England. Int. J. Environ. Res. Public Health 10 158–177.

D’AMOUR, A. (2019). On multi-cause causal inference with unobserved confounding: Counterexamples, impos-
sibility, and alternatives. In Proceedings of the 22nd International Conference on Artificial Intelligence and
Statistics (AISTATS) 89.

DWYER-LINDGREN, L., MOKDAD, A. H., SREBOTNJAK, T., FLAXMAN, A. D., HANSEN, G. M. and MUR-
RAY, C. J. (2014). Cigarette smoking prevalence in US counties: 1996–2012. Popul. Health Metr. 12 5.
https://doi.org/10.1186/1478-7954-12-5

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 https://doi.org/10.1198/
016214504000002078

GELFAND, A. E. and VOUNATSOU, P. (2003). Proper multivariate conditional autoregressive models for spatial
data analysis. Biostatistics 4 11–15.

HAHN, J. (1998). On the role of the propensity score in efficient semiparametric estimation of average treatment
effects. Econometrica 66 315–331. MR1612242 https://doi.org/10.2307/2998560

HAHN, P. R., CARVALHO, C. M., PUELZ, D. and HE, J. (2018). Regularization and confounding in linear
regression for treatment effect estimation. Bayesian Anal. 13 163–182. MR3737947 https://doi.org/10.1214/
16-BA1044

HANKS, E. M., SCHLIEP, E. M., HOOTEN, M. B. and HOETING, J. A. (2015). Restricted spatial regression in
practice: Geostatistical models, confounding, and robustness under model misspecification. Environmetrics 26
243–254. MR3340961 https://doi.org/10.1002/env.2331

HILL, J. L. (2011). Bayesian nonparametric modeling for causal inference. J. Comput. Graph. Statist. 20 217–
240. Supplementary material available online. MR2816546 https://doi.org/10.1198/jcgs.2010.08162

HIRANO, K. and IMBENS, G. W. (2004). The propensity score with continuous treatments. In Applied Bayesian
Modeling and Causal Inference from Incomplete-Data Perspectives. Wiley Ser. Probab. Stat. 73–84. Wiley,
Chichester. MR2134803 https://doi.org/10.1002/0470090456.ch7

HODGES, J. S. and REICH, B. J. (2010). Adding spatially-correlated errors can mess up the fixed effect you love.
Amer. Statist. 64 325–334. MR2758564 https://doi.org/10.1198/tast.2010.10052

HUGHES, J. and HARAN, M. (2013). Dimension reduction and alleviation of confounding for spatial generalized
linear mixed models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 75 139–159. MR3008275 https://doi.org/10.1111/
j.1467-9868.2012.01041.x

IMBENS, G. W. and RUBIN, D. B. (2015). Causal Inference—for Statistics, Social, and Biomedical Sciences: An
Introduction. Cambridge Univ. Press, New York. MR3309951 https://doi.org/10.1017/CBO9781139025751

KEELE, L., TITIUNIK, R. and ZUBIZARRETA, J. R. (2015). Enhancing a geographic regression discontinuity
design through matching to estimate the effect of ballot initiatives on voter turnout. J. Roy. Statist. Soc. Ser. A
178 223–239. MR3291769 https://doi.org/10.1111/rssa.12056

KELLER, J. P. and SZPIRO, A. A. (2019). Selecting a scale for spatial confounding adjustment. arXiv preprint
arXiv:1909.11161.

KELLI, H. M., HAMMADAH, M., AHMED, H., KO, Y.-A., TOPEL, M., SAMMAN-TAHHAN, A., AWAD, M.,
PATEL, K., MOHAMMED, K. et al. (2017). Association between living in food deserts and cardiovascular risk.
Circulation: Cardiovascular Quality and Outcomes 10 e003532.

KELLI, H. M., KIM, J. H., SAMMAN TAHHAN, A., LIU, C., KO, Y.-A., HAMMADAH, M., SULLIVAN, S.,
SANDESARA, P., ALKHODER, A. A. et al. (2019). Living in food deserts and adverse cardiovascular outcomes
in patients with cardiovascular disease. Journal of the American Heart Association 8 e010694.

KOTTAS, A., DUAN, J. A. and GELFAND, A. E. (2008). Modeling disease incidence data with spatial and spatio-
temporal Dirichlet process mixtures. Biom. J. 50 29–42. MR2414636 https://doi.org/10.1002/bimj.200610375

LARAIA, B. A., SIEGA-RIZ, A. M., KAUFMAN, J. S. and JONES, S. J. (2004). Proximity of supermarkets is
positively associated with diet quality index for pregnancy. Prev. Med. 39 869–875.

LEE, D. and SARRAN, C. (2015). Controlling for unmeasured confounding and spatial misalignment in long-term
air pollution and health studies. Environmetrics 26 477–487. MR3415567 https://doi.org/10.1002/env.2348

MORLAND, K., WING, S., ROUX, A. D. and POOLE, C. (2002). Neighborhood characteristics associated with
the location of food stores and food service places. Am. J. Prev. Med. 22 23–29.

OGBURN, E. L., SHPITSER, I. and TCHETGEN TCHETGEN, E. J. (2019). Comment on “Blessings of mul-
tiple causes” [MR4047282]. J. Amer. Statist. Assoc. 114 1611–1615. MR4047286 https://doi.org/10.1080/
01621459.2019.1689139

PACIOREK, C. J. (2010). The importance of scale for spatial-confounding bias and precision of spatial regression
estimators. Statist. Sci. 25 107–125. MR2741817 https://doi.org/10.1214/10-STS326

http://www.ams.org/mathscinet-getitem?mr=3102435
https://doi.org/10.1002/sim.5821
https://doi.org/10.1186/1478-7954-12-5
http://www.ams.org/mathscinet-getitem?mr=2201028
https://doi.org/10.1198/016214504000002078
http://www.ams.org/mathscinet-getitem?mr=1612242
https://doi.org/10.2307/2998560
http://www.ams.org/mathscinet-getitem?mr=3737947
https://doi.org/10.1214/16-BA1044
http://www.ams.org/mathscinet-getitem?mr=3340961
https://doi.org/10.1002/env.2331
http://www.ams.org/mathscinet-getitem?mr=2816546
https://doi.org/10.1198/jcgs.2010.08162
http://www.ams.org/mathscinet-getitem?mr=2134803
https://doi.org/10.1002/0470090456.ch7
http://www.ams.org/mathscinet-getitem?mr=2758564
https://doi.org/10.1198/tast.2010.10052
http://www.ams.org/mathscinet-getitem?mr=3008275
https://doi.org/10.1111/j.1467-9868.2012.01041.x
http://www.ams.org/mathscinet-getitem?mr=3309951
https://doi.org/10.1017/CBO9781139025751
http://www.ams.org/mathscinet-getitem?mr=3291769
https://doi.org/10.1111/rssa.12056
http://arxiv.org/abs/arXiv:1909.11161
http://www.ams.org/mathscinet-getitem?mr=2414636
https://doi.org/10.1002/bimj.200610375
http://www.ams.org/mathscinet-getitem?mr=3415567
https://doi.org/10.1002/env.2348
http://www.ams.org/mathscinet-getitem?mr=4047286
https://doi.org/10.1080/01621459.2019.1689139
http://www.ams.org/mathscinet-getitem?mr=2741817
https://doi.org/10.1214/10-STS326
https://doi.org/10.1198/016214504000002078
https://doi.org/10.1214/16-BA1044
https://doi.org/10.1111/j.1467-9868.2012.01041.x
https://doi.org/10.1080/01621459.2019.1689139


PAPADOGEORGOU, G., CHOIRAT, C. and ZIGLER, C. M. (2019). Adjusting for unmeasured spatial confounding
with distance adjusted propensity score matching. Biostatistics 20 256–272. MR3922132 https://doi.org/10.
1093/biostatistics/kxx074

PEARCE, J., HISCOCK, R., BLAKELY, T. and WITTEN, K. (2008). The contextual effects of neighbourhood
access to supermarkets and convenience stores on individual fruit and vegetable consumption. J. Epidemiol.
Community Health 62 198–201.

POWELL, L. M., AULD, M. C., CHALOUPKA, F. J., O’MALLEY, P. M. and JOHNSTON, L. D. (2007). Associ-
ations between access to food stores and adolescent body mass index. Am. J. Prev. Med. 33 S301–S307.

ROBINS, J. (1986). A new approach to causal inference in mortality studies with a sustained exposure period—
application to control of the healthy worker survivor effect Math. Model. 7 1393–1512. MR0877758
https://doi.org/10.1016/0270-0255(86)90088-6

ROBINS, J. M. and ROTNITZKY, A. (1995). Semiparametric efficiency in multivariate regression models with
missing data. J. Amer. Statist. Assoc. 90 122–129. MR1325119

ROSENBAUM, P. R. (2002). Observational Studies, 2nd ed. Springer Series in Statistics. Springer, New York.
MR1899138 https://doi.org/10.1007/978-1-4757-3692-2

ROSENBAUM, P. R. and RUBIN, D. B. (1983a). Assessing sensitivity to an unobserved binary covariate in an
observational study with binary outcome. J. Roy. Statist. Soc. Ser. B 45 212–218.

ROSENBAUM, P. R. and RUBIN, D. B. (1983b). The central role of the propensity score in observational studies
for causal effects. Biometrika 70 41–55. MR0742974 https://doi.org/10.1093/biomet/70.1.41

RUBIN, D. B. (1974). Estimating causal effects of treatments in randomized and nonrandomized studies. J. Educ.
Psychol. 66 688–701.

RUBIN, D. B. (1980). Randomization analysis of experimental data: The Fisher randomization test comment. J.
Amer. Statist. Assoc. 75 591–593.

RUPPERT, D., WAND, M. P. and CARROLL, R. J. (2003). Semiparametric Regression. Cambridge Series in Sta-
tistical and Probabilistic Mathematics 12. Cambridge Univ. Press, Cambridge. MR1998720 https://doi.org/10.
1017/CBO9780511755453

SALLIS, J. F., NADER, P. R., RUPP, J. W., ATKINS, C. J. and WILSON, W. C. (1986). San Diego surveyed for
heart-healthy foods and exercise facilities. In Public Health Reports (1974-) 216–219.

SCHNELL, P. M. and PAPADOGEORGOU, G. (2020a). Supplement to “Mitigating unobserved confounding
when estimating the effect of supermarket access on cardiovascular disease deaths.” https://doi.org/10.1214/
20-AOAS1377SUPPA

SCHNELL, P. M. and PAPADOGEORGOU, G. (2020b). Supplement data and code to “Mitigating unob-
served confounding when estimating the effect of supermarket access on cardiovascular disease deaths.”
https://doi.org/10.1214/20-AOAS1377SUPPB

THADEN, H. and KNEIB, T. (2018). Structural equation models for dealing with spatial confounding. Amer.
Statist. 72 239–252. MR3836447 https://doi.org/10.1080/00031305.2017.1305290

UNITED STATES DEPARTMENT OF AGRICULTURE ECONOMIC RESEARCH SERVICE (2012). Food Environment
Atlas. https://www.ers.usda.gov/data-products/food-environment-atlas.

VANDERWEELE, T. J. and DING, P. (2017). Sensitivity analysis in observational research: Introducing the E-
value. Ann. Intern. Med. 167 268–274. https://doi.org/10.7326/M16-2607

VERBITSKY-SAVITZ, N. and RAUDENBUSH, S. W. (2012). Causal inference under interference in spatial set-
tings: A case study evaluating community policing program in Chicago. Epidemiol. Methods 1 105–130.

WILSON, A. and REICH, B. J. (2014). Confounder selection via penalized credible regions. Biometrics 70 852–
861. MR3295746 https://doi.org/10.1111/biom.12203

WON, J.-H., LIM, J., KIM, S.-J. and RAJARATNAM, B. (2013). Condition-number-regularized covariance esti-
mation. J. R. Stat. Soc. Ser. B. Stat. Methodol. 75 427–450. MR3065474 https://doi.org/10.1111/j.1467-9868.
2012.01049.x

ZHOU, T., ELLIOTT, M. R. and LITTLE, R. J. A. (2019). Penalized spline of propensity methods for treatment
comparison. J. Amer. Statist. Assoc. 114 1–19. MR3941229 https://doi.org/10.1080/01621459.2018.1518234

ZIGLER, C. M. and DOMINICI, F. (2014). Uncertainty in propensity score estimation: Bayesian methods for
variable selection and model-averaged causal effects. J. Amer. Statist. Assoc. 109 95–107. MR3180549
https://doi.org/10.1080/01621459.2013.869498

http://www.ams.org/mathscinet-getitem?mr=3922132
https://doi.org/10.1093/biostatistics/kxx074
http://www.ams.org/mathscinet-getitem?mr=0877758
https://doi.org/10.1016/0270-0255(86)90088-6
http://www.ams.org/mathscinet-getitem?mr=1325119
http://www.ams.org/mathscinet-getitem?mr=1899138
https://doi.org/10.1007/978-1-4757-3692-2
http://www.ams.org/mathscinet-getitem?mr=0742974
https://doi.org/10.1093/biomet/70.1.41
http://www.ams.org/mathscinet-getitem?mr=1998720
https://doi.org/10.1017/CBO9780511755453
https://doi.org/10.1214/20-AOAS1377SUPPA
https://doi.org/10.1214/20-AOAS1377SUPPB
http://www.ams.org/mathscinet-getitem?mr=3836447
https://doi.org/10.1080/00031305.2017.1305290
https://www.ers.usda.gov/data-products/food-environment-atlas
https://doi.org/10.7326/M16-2607
http://www.ams.org/mathscinet-getitem?mr=3295746
https://doi.org/10.1111/biom.12203
http://www.ams.org/mathscinet-getitem?mr=3065474
https://doi.org/10.1111/j.1467-9868.2012.01049.x
http://www.ams.org/mathscinet-getitem?mr=3941229
https://doi.org/10.1080/01621459.2018.1518234
http://www.ams.org/mathscinet-getitem?mr=3180549
https://doi.org/10.1080/01621459.2013.869498
https://doi.org/10.1093/biostatistics/kxx074
https://doi.org/10.1017/CBO9780511755453
https://doi.org/10.1214/20-AOAS1377SUPPA
https://doi.org/10.1111/j.1467-9868.2012.01049.x


The Annals of Applied Statistics
2020, Vol. 14, No. 4, 2096–2098
https://doi.org/10.1214/20-AOAS1410
© Institute of Mathematical Statistics, 2020

LETTER TO THE EDITOR:
FITTING A FOLDED NORMAL DISTRIBUTION WITHOUT EM

BY IAIN L. MACDONALD

Centre for Actuarial Research, University of Cape Town, iain.macdonald@uct.ac.za

The problem of fitting a folded normal distribution by maximum likeli-
hood has been described as ‘not straightforward’, and alternatives such as EM
proposed. We suggest here that it is in fact straightforward to fit such a distri-
bution by direct numerical maximization of the likelihood. We demonstrate
this in an example. The relevant R code is included.
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