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Combination chemotherapy treatment regimens created for patients diag-
nosed with childhood acute lymphoblastic leukemia have had great success in
improving cure rates. Unfortunately, patients prescribed these types of treat-
ment regimens have displayed susceptibility to the onset of osteonecrosis.
Some have suggested that this is due to pharmacokinetic interaction between
two agents in the treatment regimen (asparaginase and dexamethasone) and
other physiological variables. Determining which physiological variables to
consider when searching for interactions in scenarios like these, minus a pri-
ori guidance, has proved to be a challenging problem, particularly if interac-
tions influence the response distribution in ways beyond shifts in expectation
or dispersion only. In this paper we propose an exploratory technique that
is able to discover associations between covariates and responses in a gen-
eral way. The procedure connects covariates to responses flexibly through
dependent random partition distributions and then employs machine learning
techniques to highlight potential associations found in each cluster. We pro-
vide a simulation study to show utility and apply the method to data produced
from a study dedicated to learning which physiological predictors influence
severity of osteonecrosis multiplicatively.
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Accurate estimates of historical changes in sea surface temperatures
(SSTs) and their uncertainties are important for documenting and under-
standing historical changes in climate. A source of uncertainty that has not
previously been quantified in historical SST estimates stems from position
errors. A Bayesian inference framework is proposed for quantifying errors
in reported positions and their implications on SST estimates. The analysis
framework is applied to data from the International Comprehensive Ocean-
Atmosphere Data Set (ICOADS3.0) in 1885, a time when astronomical and
chronometer estimation of position was common but predated the use of radio
signals. Focus is upon a subset of 943 ship tracks from ICOADS3.0 that report
their position every two hours to a precision of 0.01◦ longitude and latitude.
These data are interpreted as positions determined by dead reckoning that are
periodically updated by celestial correction techniques. The posterior medi-
ans of uncertainties in celestial correction are 33.1 km (0.30◦ on the equator)
in longitude and 24.4 km (0.22◦) in latitude, respectively. Celestial naviga-
tion uncertainties being smaller in latitude than longitude is qualitatively con-
sistent with the relative difficulty of obtaining astronomical estimates. The
posterior medians for two-hourly dead reckoning uncertainties are 19.2% for
ship speed and 13.2◦ for ship heading, leading to random position uncertain-
ties with median 0.18◦ (20 km on the equator) in longitude and 0.15◦ (17 km)
in latitude. Reported ship tracks also contain systematic position uncertain-
ties relating to precursor dead-reckoning positions not being updated after
obtaining celestial position estimates, indicating that more accurate positions
can be provided for SST observations. Finally, we translate position errors
into SST uncertainties by sampling an ensemble of SSTs from the Multiscale
Ultrahigh Resolution Sea Surface Temperature (MURSST) data set. Evolv-
ing technology for determining ship position, heterogeneous reporting and
archiving of position information, and seasonal and spatial changes in nav-
igational uncertainty and SST gradients together imply that accounting for
positional error in SST estimates over the span of the instrumental record
will require substantial additional effort.

REFERENCES

BOWDITCH, J. I. (1906). American Practical Navigator. US Government Printing Office. Number 9.
CARELLA, G., KENT, E. C. and BERRY, D. I. (2017). A probabilistic approach to ship voyage reconstruction in

ICOADS. Int. J. Climatol. 37 2233–2247.
CERVONE, D. and PILLAI, N. S. (2015). Gaussian process regression with location errors. arXiv:1506.08256.
CHAN, D. and HUYBERS, P. (2019). Systematic differences in bucket sea surface temperature measurements

amongst nations identified using a linear-mixed-effect method. J. Climate.
CHAN, D. and WU, Q. (2015). Attributing observed SST trends and subcontinental land warming to anthro-

pogenic forcing during 1979–2005. J. Climate 28 3152–3170.
CHAN, D., KENT, E. C., BERRY, D. I. and HUYBERS, P. (2019). Correcting datasets leads to more

homogeneous early-twentieth-century sea surface warming. Nature 571 393–397. https://doi.org/10.1038/
s41586-019-1349-2

Key words and phrases. State-space model, hierarchical model, position error, navigational uncertainty, sea
surface temperature uncertainty.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1367
http://www.imstat.org
mailto:chenguangdai@g.harvard.edu
mailto:pillai@fas.harvard.edu
mailto:duochan@g.harvard.edu
mailto:phuybers@fas.harvard.edu
http://arxiv.org/abs/arXiv:1506.08256
https://doi.org/10.1038/s41586-019-1349-2
https://doi.org/10.1038/s41586-019-1349-2


CHIN, T. M., VAZQUEZ-CUERVO, J. and ARMSTRONG, E. M. (2017). A multi-scale high-resolution analysis of
global sea surface temperature. Remote Sens. Environ. 200 154–169.

DEE, D. P., UPPALA, S. M., SIMMONS, A. J., BERRISFORD, P., POLI, P., KOBAYASHI, S., ANDRAE, U., BAL-
MASEDA, M. A., BALSAMO, G. et al. (2011). The ERA-Interim reanalysis: Configuration and performance
of the data assimilation system. Q. J. R. Meteorol. Soc. 137 553–597.

DIRECTOR, H. and BORNN, L. (2015). Connecting point-level and gridded moments in the analysis of climate
data. J. Climate 28 3496–3510.

FOLLAND, C. (2005). Assessing bias corrections in historical sea surface temperature using a climate model. Int.
J. Climatol. 25 895–911.

FREEMAN, E., WOODRUFF, S. D., WORLEY, S. J., LUBKER, S. J., KENT, E. C., ANGEL, W. E., BERRY, D. I.,
BROHAN, P., EASTMAN, R. et al. (2017). ICOADS Release 3.0: A major update to the historical marine
climate record. Int. J. Climatol. 37 2211–2232.

FRIED, W. R. (1977). A comparative performance analysis of modern ground-based, air-based, and satellite-based
radio navigation systems. Navigation 24 48–58.

GREGORY, J. M., STOUFFER, R. J., RAPER, S. C. B., STOTT, P. A. and RAYNER, N. A. (2002). An observa-
tionally based estimate of the climate sensitivity. J. Climate 15 3117–3121.

HUANG, B., THORNE, P. W., BANZON, V. F., BOYER, T., CHEPURIN, G., LAWRIMORE, J. H., MENNE, M. J.,
SMITH, T. M., VOSE, R. S. et al. (2017). Extended reconstructed sea surface temperature, version 5
(ERSSTv5): Upgrades, validations, and intercomparisons. J. Climate 30 8179–8205.

INGLEBY, B. (2010). Factors affecting ship and buoy data quality: A data assimilation perspective. J. Atmos.
Ocean. Technol. 27 1476–1489.

KENNEDY, J. J. (2014). A review of uncertainty in in situ measurements and data sets of sea surface temperature.
Rev. Geophys. 52 1–32.

KENNEDY, J. J., SMITH, R. O. and RAYNER, N. A. (2012). Using AATSR data to assess the quality of in situ
sea-surface temperature observations for climate studies. Remote Sens. Environ. 116 79–92.

KENNEDY, J. J., RAYNER, N. A., SMITH, R. O., PARKER, D. E. and SAUNBY, M. (2011a). Reassessing biases
and other uncertainties in sea surface temperature observations measured in situ since 1850: 1. Measurement
and sampling uncertainties. J. Geophys. Res., Atmos. 116.

KENNEDY, J. J., RAYNER, N. A., SMITH, R. O., PARKER, D. E. and SAUNBY, M. (2011b). Reassessing biases
and other uncertainties in sea surface temperature observations measured in situ since 1850: 2. Biases and
homogenization. J. Geophys. Res., Atmos. 116.

KENT, E. C. and CHALLENOR, P. G. (2006). Toward estimating climatic trends in SST. Part II: Random errors.
J. Atmos. Ocean. Technol. 23 476–486.

KENT, E. C., CHALLENOR, P. G. and TAYLOR, P. K. (1999). A statistical determination of the random ob-
servational errors present in voluntary observing ships meteorological reports. J. Atmos. Ocean. Technol. 16
905–914.

KENT, E. C., KENNEDY, J. J., SMITH, T. M., HIRAHARA, S., HUANG, B., KAPLAN, A., PARKER, D. E.,
ATKINSON, C. P., BERRY, D. I. et al. (2017). A call for new approaches to quantifying biases in observations
of sea surface temperature. Bull. Am. Meteorol. Soc. 98 1601–1616.

MORICE, C. P., KENNEDY, J. J., RAYNER, N. A. and JONES, P. D. (2012). Quantifying uncertainties in global
and regional temperature change using an ensemble of observational estimates: The HadCRUT4 data set. J.
Geophys. Res., Atmos. 117.

SOBEL, D. (2007). Longitude: The True Story of a Lone Genius Who Solved the Greatest Scientific Problem of
His Time. Bloomsbury Publishing USA.

STAN DEVELOPMENT TEAM (2019). RStan: The R interface to Stan. R package version 2.19.2.
WOODRUFF, S. D., DIAZ, H. F., ELMS, J. D. and WORLEY, S. J. (1998). COADS Release 2 data and metadata

enhancements for improvements of marine surface flux fields. Phys. Chem. Earth 23 517–526.
WUNSCH, C. (2004). Gulf Stream safe if wind blows and Earth turns. Nature 428 601. https://doi.org/10.1038/

428601c

https://doi.org/10.1038/428601c
https://doi.org/10.1038/428601c


The Annals of Applied Statistics
2021, Vol. 15, No. 1, 41–63
https://doi.org/10.1214/20-AOAS1383
© Institute of Mathematical Statistics, 2021

ANALYZING SECOND ORDER STOCHASTICITY OF NEURAL SPIKING
UNDER STIMULI-BUNDLE EXPOSURE

BY CHRIS GLYNN1, SURYA T. TOKDAR2, AZEEM ZAMAN3, VALERIA C. CARUSO4,
JEFF T. MOHL5,*, SHAWN M. WILLETT6 AND JENNIFER M. GROH5,†

1Zillow Research, christophergl@zillowgroup.com
2Department of Statistical Science, Duke University, surya.tokdar@duke.edu

3Department of Statistics, Harvard University, azaman@g.harvard.edu
4Center for Human Growth and Development, University of Michigan, vcaruso@umich.edu

5Department of Psychology and Neuroscience, Duke University, *jeffrey.mohl@duke.edu; †jmgroh@duke.edu
6Department of Neurobiology, Duke University, shawn.willett@duke.edu

Conventional analysis of neuroscience data involves computing average
neural activity over a group of trials and/or a period of time. This approach
may be particularly problematic when assessing the response patterns of neu-
rons to more than one simultaneously presented stimulus. In such cases the
brain must represent each individual component of the stimuli bundle, but
trial-and-time-pooled averaging methods are fundamentally unequipped to
address the means by which multiitem representation occurs. We introduce
and investigate a novel statistical analysis framework that relates the firing
pattern of a single cell, exposed to a stimuli bundle, to the ensemble of its
firing patterns under each constituent stimulus. Existing statistical tools fo-
cus on what may be called “first order stochasticity” in trial-to-trial variation
in the form of unstructured noise around a fixed firing rate curve associated
with a given stimulus. Our analysis is based upon the theoretical premise that
exposure to a stimuli bundle induces additional stochasticity in the cell’s re-
sponse pattern in the form of a stochastically varying recombination of its
single stimulus firing rate curves. We discuss challenges to statistical estima-
tion of such “second order stochasticity” and address them with a novel dy-
namic admixture point process (DAPP) model. DAPP is a hierarchical point
process model that decomposes second order stochasticity into a Gaussian
stochastic process and a random vector of interpretable features and facil-
itates borrowing of information on the latter across repeated trials through
latent clustering. We illustrate the utility and accuracy of the DAPP analysis
with synthetic data simulation studies. We present real-world evidence of sec-
ond order stochastic variation with an analysis of monkey inferior colliculus
recordings under auditory stimuli.
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The biomarker networks measured by different modalities of data (e.g.,
structural magnetic resonance imaging (sMRI), diffusion tensor imaging
(DTI)) may share the same true underlying biological model. In this work we
propose a nodewise biomarker graphical model to leverage the shared mech-
anism between multimodality data to provide a more reliable estimation of
the target modality network and account for the heterogeneity in networks
due to differences between subjects and networks of external modality. La-
tent variables are introduced to represent the shared unobserved biological
network, and the information from the external modality is incorporated to
model the distribution of the underlying biological network. We propose an
efficient approximation to the posterior expectation of the latent variables that
reduces computational cost by at least 50%. The performance of the proposed
method is demonstrated by extensive simulation studies and an application to
construct gray matter brain atrophy network of Huntington’s disease by us-
ing sMRI data and DTI data. The identified network connections are more
consistent with clinical literature and better improve prediction in follow-up
clinical outcomes and separate subjects into clinically meaningful subgroups
with different prognosis than alternative methods.
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Opioid overdose rates have increased in the United States over the past
decade and reflect a major public health crisis. Modeling and prediction of
drug and opioid hotspots, where a high percentage of events fall in a small
percentage of space–time, could help better focus limited social and health
services. In this work we present a spatial-temporal point process model for
drug overdose clustering. The data input into the model comes from two het-
erogeneous sources: (1) high volume emergency medical calls for service
(EMS) records containing location and time but no information on the type of
nonfatal overdose, and (2) fatal overdose toxicology reports from the coroner
containing location and high-dimensional information from the toxicology
screen on the drugs present at the time of death. We first use nonnegative ma-
trix factorization to cluster toxicology reports into drug overdose categories,
and we then develop an EM algorithm for integrating the two heterogeneous
data sets, where the mark corresponding to overdose category is inferred for
the EMS data and the high volume EMS data is used to more accurately pre-
dict drug overdose death hotspots. We apply the algorithm to drug overdose
data from Indianapolis, showing that the point process defined on the inte-
grated data out-performs point processes that use only coroner data (AUC
improvement 0.81 to 0.85). We also investigate the extent to which overdoses
are contagious, as a function of the type of overdose, while controlling for
exogenous fluctuations in the background rate that might also contribute to
clustering. We find that drug and opioid overdose deaths exhibit significant
excitation with branching ratio ranging from 0.72 to 0.98.
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AN APPROXIMATE BEST PREDICTION APPROACH TO SMALL AREA
ESTIMATION FOR SHEET AND RILL EROSION UNDER INFORMATIVE

SAMPLING
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The National Resources Inventory, a longitudinal survey of character-
istics related to natural resources and agriculture on nonfederal U.S. land,
has increasingly received requests for substate estimates in recent years. We
consider estimation of erosion in subdomains of the Boone-Raccoon River
Watershed. This region is of interest for its proximity to intensively cropped
areas as well as important waterbodies. The NRI application requires a small
area prediction approach that can handle nonlinear relationships and appro-
priately incorporate survey weights that may have nontrivial relationships to
the response variable. Because of the informative design, the conditional dis-
tribution required to define a standard empirical Bayes predictor is unknown.
We develop a prediction approach that utilizes the approximate distribution of
survey weighted score equations arising from a specified two-level superpop-
ulation model. We apply the method to construct estimates of mean erosion
in small watersheds. We investigate the robustness of the procedure to an as-
sumption of a constant dispersion parameter and validate the properties of the
procedure through simulation.
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WITH APPLICATION TO AN ELECTRONIC HEALTH RECORDS-BASED
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While electronic health records present a rich and promising data source
for observational research, they are highly susceptible to missing data. For
settings like these, Seaman et al. (Biometrics 68 (2012) 129–137) proposed
a strategy wherein one handles missingness in some variables using inverse-
probability weighting and others using multiple imputation. Seaman et al.
(Biometrics 68 (2012) 129–137) show that Rubin’s variance estimator for
averaging results across datasets is asymptotically valid when the analysis
and imputation models are correctly specified and the weights are either
known or correctly specified. Modeled after the approach of Robins and
Wang (Biometrika 87 (2000) 113–124), we propose a method for asymptoti-
cally valid inference that is robust to violation of these conditions. Following
a simulation study in which we demonstrate that a proposed variance estima-
tor can reduce bias due to model misspecification, we illustrate this approach
in an electronic health records-based study investigating whether differences
in long-term weight loss between bariatric surgery techniques are associated
with chronic kidney disease at baseline. We observe that the weight loss ad-
vantage after five years of Roux-en-Y gastric bypass surgery, compared to
vertical sleeve gastrectomy, is less pronounced among patients with chronic
kidney disease at baseline compared to those without.
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Biclustering methods simultaneously group samples and their associated
features. In this way, biclustering methods differ from traditional clustering
methods, which utilize the entire set of features to distinguish groups of sam-
ples. Motivating applications for biclustering include genomics data, where
the goal is to cluster patients or samples by their gene expression profiles; and
recommender systems, which seek to group customers based on their product
preferences. Biclusters of interest often manifest as rank-1 submatrices of the
data matrix. This submatrix detection problem can be viewed as a factor anal-
ysis problem in which both the factors and loadings are sparse. In this paper,
we propose a new biclustering method called Spike-and-Slab Lasso Bicluster-
ing (SSLB) which utilizes the Spike-and-Slab Lasso of Ročková and George
(J. Amer. Statist. Assoc. 113 (2018) 431–444) to find such a sparse factoriza-
tion of the data matrix. SSLB also incorporates an Indian Buffet Process prior
to automatically choose the number of biclusters. Many biclustering methods
make assumptions about the size of the latent biclusters; either assuming that
the biclusters are all of the same size, or that the biclusters are very large
or very small. In contrast, SSLB can adapt to find biclusters which have a
continuum of sizes. SSLB is implemented via a fast EM algorithm with a
variational step. In a variety of simulation settings, SSLB outperforms other
biclustering methods. We apply SSLB to both a microarray dataset and a
single-cell RNA-sequencing dataset and highlight that SSLB can recover bi-
ologically meaningful structures in the data. The SSLB software is available
as an R/C++ package at https://github.com/gemoran/SSLB.
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ROČKOVÁ, V. (2018). Bayesian estimation of sparse signals with a continuous spike-and-slab prior. Ann. Statist.
46 401–437. MR3766957 https://doi.org/10.1214/17-AOS1554
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Phase I dose-finding studies aim at identifying the maximum tolerated
dose (MTD). Often, several dose-finding studies are conducted with some
variation in the administration mode or dose panel. For instance, sorafenib
(BAY 43-900) was used as monotherapy in 36 phase I trials, according to
a recent clinicaltrials.gov search. Since the toxicity may not be directly re-
lated to the specific indication, synthesizing the information from several
studies might be worthwhile. However, this is rarely done in practice and
only a fixed-effect meta-analysis framework was proposed to date. We devel-
oped a Bayesian random-effects meta-analysis methodology to pool several
phase I trials and suggest the MTD. A curve free hierarchical model on the
logistic scale with random effects, accounting for between-trial heterogene-
ity, is used to model the probability of toxicity across the investigated doses.
An Ornstein–Uhlenbeck Gaussian process is adopted for the random effects
structure. Prior distributions for the curve-free model are based on a latent
Gamma process. An extensive simulation study showed good performance of
the proposed method also under model deviations. Sharing information be-
tween phase I studies can improve the precision of MTD selection, at least
when the number of trials is reasonably large.
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Graphical model is a powerful and popular approach to study high-
dimensional omic data, such as genome-wide gene expression data. Nonlin-
ear relations between genes are widely documented. However, partly due to
sparsity of data points in high-dimensional space (i.e., curse of dimensional-
ity) and computational challenges, most available methods construct graphi-
cal models by testing linear relations. We propose to address this challenge by
a two-step approach: first, use a model-free approach to prioritize the neigh-
borhood of each gene; then, apply a nonparametric conditional independence
testing method to refine such neighborhood estimation. Our method, named
as “mofreds” (MOdel FRee Estimation of DAG Skeletons), seeks to estimate
the skeleton of a directed acyclic graph (DAG) by this two-step approach. We
studied the theoretical properties of mofreds and evaluated its performance
in extensive simulation settings. We found mofreds has substantially better
performance than the state-of-the art method which is designed to detect lin-
ear relations of Gaussian graphical models. We applied mofreds to analyze
gene expression data of breast cancer patients from The Cancer Genome At-
las (TCGA). We found that it discovers nonlinear relationships among gene
pairs that are missed by the Gaussian graphical model methods.
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Several programs of research have sought to assess the replicability of
scientific findings in different fields, including economics and psychology.
These programs attempt to replicate several findings and use the results to
say something about large-scale patterns of replicability in a field. However,
little work has been done to understand the analytic methods used to do this,
including what they are assessing and what their statistical properties are.
This article examines several methods that have been used to study patterns
of replicability in the social sciences. We describe in concrete terms how each
method operationalizes the idea of “replication” and examine various statis-
tical properties, including bias, precision and statistical power. We find that
some analytic methods rely on an operational definition of replication that
can be misleading. Other methods involve more sound definitions of repli-
cation, but most of these have limitations, such as large bias and uncertainty
or low power. The findings suggest that we should use caution interpreting
the results of such analyses and that work on more accurate methods may be
useful to future replication research efforts.
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Inferring concerted changes among biological traits along an evolution-
ary history remains an important yet challenging problem. Besides adjusting
for spurious correlation induced from the shared history, the task also re-
quires sufficient flexibility and computational efficiency to incorporate mul-
tiple continuous and discrete traits as data size increases. To accomplish this,
we jointly model mixed-type traits by assuming latent parameters for binary
outcome dimensions at the tips of an unknown tree informed by molecular
sequences. This gives rise to a phylogenetic multivariate probit model. With
large sample sizes, posterior computation under this model is problematic,
as it requires repeated sampling from a high-dimensional truncated normal
distribution. Current best practices employ multiple-try rejection sampling
that suffers from slow-mixing and a computational cost that scales quadrati-
cally in sample size. We develop a new inference approach that exploits: (1)
the bouncy particle sampler (BPS) based on piecewise deterministic Markov
processes to simultaneously sample all truncated normal dimensions, and (2)
novel dynamic programming that reduces the cost of likelihood and gradient
evaluations for BPS to linear in sample size. In an application with 535 HIV
viruses and 24 traits that necessitates sampling from a 12,840-dimensional
truncated normal, our method makes it possible to estimate the across-trait
correlation and detect factors that affect the pathogen’s capacity to cause dis-
ease. This inference framework is also applicable to a broader class of covari-
ance structures beyond comparative biology.
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The Vaccine Adverse Event Reporting System (VAERS) plays a vital
role in vaccine safety surveillance. One of the main missions of VAERS is
to monitor increases in reporting rate of adverse events, as such signals can
indicate safety issues caused by update of vaccines or change in vaccine prac-
tices. Existing methods can rarely be used to monitor the temporal variation
of reporting adverse events. In this paper we propose a composite likelihood
based variance component model to study the temporal variation of reporting
adverse events using VAERS data. The proposed method is devised to iden-
tify safety signals by testing the heterogeneity of reporting rates of adverse
events across years. The proposed method accounts for the well-known un-
derreporting of adverse events and the zero-inflation observations in passive
surveillance reporting systems. We applied the proposed method to VAERS
reports of trivalent influenza virus vaccine and identified 14 adverse events
with significantly heterogeneous reporting rates over years and two of them
have increasing trend of reporting rates from 1990 to 2013. Our findings pro-
vide early warning signals that can be more rigorously investigated in future
studies of the vaccine.
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Complex tissues are composed of a large number of different types of
cells, each involved in a multitude of biological processes. Consequently, an
important component to understanding such processes is understanding the
cell-type composition of the tissues. Estimating cell-type composition using
high-throughput gene expression data is known as cell-type deconvolution. In
this paper we first summarize the extensive deconvolution literature by iden-
tifying a common regression-like approach to deconvolution. We call this ap-
proach the unified deconvolution-as-regression (UDAR) framework. While
methods that fall under this framework all use a similar model, they fit us-
ing data on different scales. Two popular scales for gene expression data are
logarithmic and linear. Unfortunately, each of these scales has problems in
the UDAR framework. Using log-scale gene expressions proposes a biologi-
cally implausible model and using linear-scale gene expressions will lead to
statistically inefficient estimators. To explore ways to address these issues,
in this paper we consider how deconvolution methods may use an adjusted
model that is a hybrid of the two scales. In analysis on simulations as well as
a collection of eleven real benchmark datasets, we find a prototypical hybrid-
scale adjustment to the UDAR framework improves statistical efficiency and
robustness. More broadly, we believe these hybrid-scale modeling principles
may be incorporated into many existing deconvolution methods.

REFERENCES

ABBAS, A. R., WOLSLEGEL, K., SESHASAYEE, D., MODRUSAN, Z. and CLARK, H. F. (2009). Deconvolution
of blood microarray data identifies cellular activation patterns in systemic lupus erythematosus. PLoS ONE 4.
https://doi.org/10.1371/journal.pone.0006098

ALTBOUM, Z., STEUERMAN, Y., DAVID, E., BARNETT-ITZHAKI, Z., VALADARSKY, L., KEREN-SHAUL, H.,
MENINGHER, T., MENDELSON, E., MANDELBOIM, M. et al. (2014). Digital cell quantification identifies
global immune cell dynamics during influenza infection. Mol. Syst. Biol. 10 1–14. https://doi.org/10.1002/
msb.134947

AYANA, R., SINGH, S. and PATI, S. (2018). Deconvolution of human brain cell type transcriptomes unraveled
microglia-specific potential biomarkers. Front. Neurology 9 266. https://doi.org/10.3389/fneur.2018.00266

BLEI, D. M., NG, A. Y. and JORDAN, M. I. (2003). Latent Dirichlet allocation 3 993–1022.
BOUQUET, J., SOLOSKI, M. J., SWEI, A., CHEADLE, C., FEDERMAN, S., BILLAUD, J.-N. and REB-

MAN, A. W. (2016). Longitudinal transcriptome analysis reveals a sustained differential gene expression
signature in patients treated for acute lyme disease 7 1–11. https://doi.org/10.1128/mBio.00100-16.Editor

CAPURRO, A., BODEA, L. G., SCHAEFER, P., LUTHI-CARTER, R. and PERREAU, V. M. (2015). Computational
deconvolution of genome wide expression data from Parkinson’s and Huntington’s disease brain tissues using
population-specific expression analysis. Front. Neurosci. 9 1–12. https://doi.org/10.3389/fnins.2014.00441

CONESA, A., MADRIGAL, P., TARAZONA, S., GOMEZ-CABRERO, D., CERVERA, A., MCPHERSON, A.,
SZCZEŚNIAK, M. W., GAFFNEY, D. J., ELO, L. L. et al. (2016). A survey of best practices for RNA-seq
data analysis. Genome Biol. 17 13. https://doi.org/10.1186/s13059-016-0881-8

DU, R., CAREY, V. and WEISS, S. T. (2019). DeconvSeq: Deconvolution of cell mixture distribution in sequenc-
ing data. Bioinformatics 35 5095–5102. https://doi.org/10.1093/bioinformatics/btz444

EDGAR, R. (2002). Gene expression omnibus: NCBI gene expression and hybridization array data repository.
Nucleic Acids Res. 30 207–210. https://doi.org/10.1093/nar/30.1.207

Key words and phrases. Deconvolution, proportions, high-throughput sequencing.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1395
http://www.imstat.org
mailto:ghunt@wm.edu
mailto:johanngb@umich.edu
https://doi.org/10.1371/journal.pone.0006098
https://doi.org/10.1002/msb.134947
https://doi.org/10.3389/fneur.2018.00266
https://doi.org/10.1128/mBio.00100-16.Editor
https://doi.org/10.3389/fnins.2014.00441
https://doi.org/10.1186/s13059-016-0881-8
https://doi.org/10.1093/bioinformatics/btz444
https://doi.org/10.1093/nar/30.1.207
https://doi.org/10.1002/msb.134947


FERNÁNDEZ, E., MAHMOUD, Y., VEIGAS, F., ROCHA, D., BALZARINI, M., LUJAN, H., RABINOVICH, G. and
GIROTTI, M. R. (2019). MIXTURE: An improved algorithm for immune tumor microenvironment estimation
based on gene expression data. BioRxiv 726562. https://doi.org/10.1101/726562

FINOTELLO, F., MAYER, C., PLATTNER, C., LASCHOBER, G., RIEDER, D., HACKL, H., KROGSDAM, A.,
LONCOVA, Z., POSCH, W. et al. (2019). Molecular and pharmacological modulators of the tumor im-
mune contexture revealed by deconvolution of RNA-seq data. Gen. Med. 11 34. https://doi.org/10.1186/
s13073-019-0638-6

GAUJOUX, R. (2013). An introduction to gene expression deconvolution and the CellMix package. 1–45.
GEORGE, E. L. and PANOS, A. (2007). Does a high WBC count always signal infection? Nursing 37 56hn15–

56hn16. https://doi.org/10.1097/01.NURSE.0000268785.73612.5c
GONG, T. and SZUSTAKOWSKI, J. D. (2013). DeconRNASeq: A statistical framework for deconvolution of

heterogeneous tissue samples based on mRNA-seq data. Bioinformatics 29 1083–1085. https://doi.org/10.
1093/bioinformatics/btt090

GONG, T., HARTMANN, N., KOHANE, I. S., BRINKMANN, V., STAEDTLER, F., LETZKUS, M., BONGIO-
VANNI, S. and SZUSTAKOWSKI, J. D. (2011). Optimal deconvolution of transcriptional profiling data using
quadratic programming with application to complex clinical blood samples. PLoS ONE 6. https://doi.org/10.
1371/journal.pone.0027156

HAGENAUER, M. H., LI, J. Z., WALSH, D. M., VAWTER, M. P., THOMPSON, R. C., TURNER, C. A., BUN-
NEY, W. E., MYERS, R. M., BARCHAS, J. D. et al. (2016). Inference of cell type composition from human
brain transcriptomic datasets illuminates the effects of age, manner of death, dissection, and psychiatric diag-
nosis. BioRxiv.

HARDIN, J. and WILSON, J. (2009). A note on oligonucleotide expression values not being normally distributed.
Biostatistics 10 446–450. https://doi.org/10.1093/biostatistics/kxp003

HUNT, G. J. and GAGNON-BARTSCH, J. A. (2021). Supplement to “The Role of Scale in the Es-
timation of Cell-type Proportions.” https://doi.org/10.1214/20-AOAS1395SUPPA, https://doi.org/10.1214/
20-AOAS1395SUPPB

HUNT, G. J., FREYTAG, S., BAHLO, M. and GAGNON-BARTSCH, J. A. (2019). dtangle: Accurate and robust
cell type deconvolution. Bioinformatics 35 2093–2099. https://doi.org/10.1093/bioinformatics/bty926

IRIZARRY, R. A., HOBBS, B., COLLIN, F., BEAZER-BARCLAY, Y. D., ANTONELLIS, K. J., SCHERF, U. and
SPEED, T. P. (2003). Exploration, normalization, and summaries of high density oligonucleotide array probe
level data. Biostatistics 4 249–264. https://doi.org/10.1093/biostatistics/4.2.249

SUN, X., SUN, S. and YANG, S. (2019). An efficient and flexible method for deconvoluting bulk RNA-seq data
with single-cell RNA-seq data. Cells 8 1161. https://doi.org/10.3390/cells8101161

LIU, R., HOLIK, A. Z., SU, S., JANSZ, N., CHEN, K., LEONG, S., BLEWITT, M. E., SMYTH, G. K. and
RITCHIE, M. E. (2015). Why weight ? Modelling sample and observational level variability improves power
in RNA-seq analyses 43. https://doi.org/10.1093/nar/gkv412

LU, P., NAKORCHEVSKIY, A. and MARCOTTE, E. M. (2003). Expression deconvolution: A reinterpretation of
DNA microarray data reveals dynamic changes in cell populations. Proc. Natl. Acad. Sci. USA 100 10370–
10375. https://doi.org/10.1073/pnas.1832361100

MOHAMMADI, S., ZUCKERMAN, N., GOLDSMITH, A. and GRAMA, A. (2015). A Critical Survey of Deconvo-
lution Methods for Separating cell-types in Complex Tissues. arXiv 1–20.

NEWMAN, A. M., LONG LIU, C., GREEN, M. R., GENTLES, A. J., FENG, W., XU, Y., HOANG, C. D.,
DIEHN, M. and ALIZADEH, A. (2015). Robust enumeration of cell subsets from tissue expression profiles.
Nat. Methods 12 193–201. https://doi.org/10.1016/j.molmed.2014.11.008.Mitochondria

PARSONS, J., MUNRO, S., PINE, P. S., MCDANIEL, J., MEHAFFEY, M. and SALIT, M. (2015). Using mix-
tures of biological samples as process controls for RNA-sequencing experiments. BMC Genomics 1–13.
https://doi.org/10.1186/s12864-015-1912-7

QIAO, W., QUON, G., CSASZAR, E., YU, M., MORRIS, Q. and ZANDSTRA, P. W. (2012). PERT: A method
for expression deconvolution of human blood samples from varied microenvironmental and developmental
conditions. PLoS Comput. Biol. 8. https://doi.org/10.1371/journal.pcbi.1002838

RACLE, J., DE JONGE, K., BAUMGAERTNER, P., SPEISER, D. E. and GFELLER, D. (2017). Simultaneous
enumeration of cancer and immune cell types from bulk tumor gene expression data. eLife 6. https://doi.org/10.
7554/eLife.26476

TU, Y., STOLOVITZKY, G. and KLEIN, U. (2002). Quantitative noise analysis for gene expression microarray ex-
periments. Proc. Natl. Acad. Sci. USA 99 14031–14036. MR1944414 https://doi.org/10.1073/pnas.222164199

WANG, M., MASTER, S. R. and CHODOSH, L. A. (2006). Computational expression deconvolution in a complex
mammalian organ. BMC Bioinform. 7 328. https://doi.org/10.1186/1471-2105-7-328

WANG, N., HOFFMAN, E. P., CHEN, L., CHEN, L., ZHANG, Z., LIU, C., YU, G., HERRINGTON, D. M.,
CLARKE, R. et al. (2016). Mathematical modelling of transcriptional heterogeneity identifies novel markers
and subpopulations in complex tissues. Sci. Rep. 6 18909. https://doi.org/10.1038/srep18909

https://doi.org/10.1101/726562
https://doi.org/10.1186/s13073-019-0638-6
https://doi.org/10.1097/01.NURSE.0000268785.73612.5c
https://doi.org/10.1093/bioinformatics/btt090
https://doi.org/10.1371/journal.pone.0027156
https://doi.org/10.1093/biostatistics/kxp003
https://doi.org/10.1214/20-AOAS1395SUPPA
https://doi.org/10.1214/20-AOAS1395SUPPB
https://doi.org/10.1093/bioinformatics/bty926
https://doi.org/10.1093/biostatistics/4.2.249
https://doi.org/10.3390/cells8101161
https://doi.org/10.1093/nar/gkv412
https://doi.org/10.1073/pnas.1832361100
https://doi.org/10.1016/j.molmed.2014.11.008.Mitochondria
https://doi.org/10.1186/s12864-015-1912-7
https://doi.org/10.1371/journal.pcbi.1002838
https://doi.org/10.7554/eLife.26476
http://www.ams.org/mathscinet-getitem?mr=1944414
https://doi.org/10.1073/pnas.222164199
https://doi.org/10.1186/1471-2105-7-328
https://doi.org/10.1038/srep18909
https://doi.org/10.1186/s13073-019-0638-6
https://doi.org/10.1093/bioinformatics/btt090
https://doi.org/10.1371/journal.pone.0027156
https://doi.org/10.1214/20-AOAS1395SUPPB
https://doi.org/10.7554/eLife.26476


WANG, Z., CAO, S., MORRIS, J. S., AHN, J., LIU, R., TYEKUCHEVA, S., GAO, F., LI, B., LU, W. et al. (2018).
Transcriptome deconvolution of heterogeneous tumor samples with immune infiltration. IScience 9 451–460.
https://doi.org/10.1016/j.isci.2018.10.028

WENG, L., DAI, H., ZHAN, Y., HE, Y., STEPANIANTS, S. B. and BASSETT, D. E. (2006). Rosetta error model
for gene expression analysis. Bioinformatics 22 1111–1121. https://doi.org/10.1093/bioinformatics/btl045

WILSON, D. R., JIN, C., IBRAHIM, J. G. and SUN, W. (2020). ICeD-T provides accurate estimates of immune
cell abundance in tumor samples by allowing for Aberrant gene expression patterns. J. Amer. Statist. Assoc.
115 1055–1065. MR4143449 https://doi.org/10.1080/01621459.2019.1654874

ZWIENER, I., FRISCH, B. and BINDER, H. (2014). Transforming RNA-seq data to improve the performance of
prognostic gene signatures. PLoS ONE 9 e85150. https://doi.org/10.1371/journal.pone.0085150

https://doi.org/10.1016/j.isci.2018.10.028
https://doi.org/10.1093/bioinformatics/btl045
http://www.ams.org/mathscinet-getitem?mr=4143449
https://doi.org/10.1080/01621459.2019.1654874
https://doi.org/10.1371/journal.pone.0085150


The Annals of Applied Statistics
2021, Vol. 15, No. 1, 287–303
https://doi.org/10.1214/20-AOAS1392
© Institute of Mathematical Statistics, 2021

TWO-PHASE SAMPLING STRATEGIES FOR DESIGN-BASED MAPPING OF
CONTINUOUS SPATIAL POPULATIONS IN ENVIRONMENTAL SURVEYS

BY LORENZO FATTORINI1,*, SARA FRANCESCHI1,†, MARZIA MARCHESELLI1,‡,
CATERINA PISANI1,§ AND LUCA PRATELLI2

1Department of Economics and Statistics, University of Siena, *lorenzo.fattorini@unisi.it; †sara.franceschi@unisi.it;
‡marzia.marchesellii@unisi.it; §caterina.pisani@unisi.it

2Naval Academy, luca_pratelli@marina.difesa.it

The estimation of a surface throughout a continuum of points in a study
area is addressed by means of two-phase sampling strategies. To this aim, a
family of two-phase inverse distance weighting interpolators is introduced,
and their design-based asymptotic properties are derived when the surface re-
mains fixed and the number of sample points approaches infinity. In particu-
lar, conditions ensuring asymptotic unbiasedness and consistency are derived
and are proven to hold for some of the most widely applied environmental
sampling schemes. Furthermore, a computationally simple mean squared er-
ror estimator is proposed. Finally, a simulation study is performed to assess
the theoretical results. The proposed strategy is adopted to provide the map
of basal area in a forested region of Casentino Valley (Central Italy).
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Regression discontinuity (RD) is a widely used quasi-experimental de-
sign for causal inference. In the standard RD the assignment to treatment
is determined by a continuous pretreatment variable (i.e., running variable)
falling above or below a prefixed threshold. Recent applications increasingly
feature ordered categorical or ordinal running variables which pose chal-
lenges to RD estimation due to the lack of a meaningful measure of distance.
This paper proposes an RD approach for ordinal running variables under the
local randomization framework. The proposal first estimates an ordered pro-
bit model for the ordinal running variable. The estimated probability of being
assigned to treatment is then adopted as a latent continuous running variable
and used to identify a covariate-balanced subsample around the threshold.
Assuming local unconfoundedness of the treatment in the subsample, an es-
timate of the effect of the program is obtained by employing a weighted es-
timator of the average treatment effect. Two weighting estimators—overlap
weights and ATT weights—as well as their augmented versions are consid-
ered. We apply the method to evaluate the causal effects of the corporate
sector purchase programme (CSPP) of the European Central Bank which in-
volves large-scale purchases of securities issued by corporations in the euro
area. We find a statistically significant and negative effect of the CSPP on
corporate bond spreads at issuance.

REFERENCES

ABIDI, N. and FLORES, I. M. (2018). Who benefits from the corporate QE? A regression discontinuity design
approach. ECB Working Paper Series No. 2145.

AGRESTI, A. (2013). Categorical Data Analysis, 3rd ed. Wiley Series in Probability and Statistics. Wiley Inter-
science, Hoboken, NJ. MR3087436

ANG, J. S. and PATEL, K. A. (1975). Bond rating methods: Comparison and validation. J. Finance 30 631–640.
ANGRIST, J. D. and KRUEGER, A. B. (1991). Does compulsory school attendance affect schooling and earnings?

Q. J. Econ. 106 979–1014.
ANGRIST, J. D. and LAVY, V. (1999). Using Maimonides’ rule to estimate the effect of class size on scholastic

achievement. Q. J. Econ. 114 533–575.
ANGRIST, J. D. and ROKKANEN, M. (2012). Wanna get away? RD identification away from the cutoff. NBER

Working Papers No. 18662, National Bureau of Economic Research.
ANGRIST, J. D. and ROKKANEN, M. (2015). Wanna get away? Regression discontinuity estimation of exam

school effects away from the cutoff. J. Amer. Statist. Assoc. 110 1331–1344. MR3449027 https://doi.org/10.
1080/01621459.2015.1012259

ARCE, O., GIMENO, R. and MAYORDOMO, S. (2017). Making room for the needy: The credit-reallocation
effects of the ECB’s corporate QE. Documentos de Trabajo No. 1743, Banco de España.

BECHT, M., POLO, A. and ROSSI, S. (2016). Does mandatory shareholder voting prevent bad acquisitions? Rev.
Financ. Stud. 29 3035–3067.

Key words and phrases. Asset purchase programs, augmented estimators, local unconfoundedness, M-
estimation, ordered probit, regression discontinuity design, weighting.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/20-AOAS1396
http://www.imstat.org
mailto:fl35@duke.edu
mailto:andrea.mercatanti@bancaditalia.it
mailto:taneli.makinen@bancaditalia.it
mailto:andrea.silvestrini@bancaditalia.it
http://www.ams.org/mathscinet-getitem?mr=3087436
http://www.ams.org/mathscinet-getitem?mr=3449027
https://doi.org/10.1080/01621459.2015.1012259
https://doi.org/10.1080/01621459.2015.1012259


BERK, R. A. and DE LEEUW, J. (1999). An evaluation of California’s inmate classification system using a gen-
eralized regression discontinuity design. J. Amer. Statist. Assoc. 94 1045–1052.

BIAIS, B., DECLERCK, F., DOW, J., PORTES, R. and VON THADDEN, E.-L. (2006). European corporate bond
markets: Transparency, liquidity, efficiency. CEPR Research Report, City of London.

BLUME, M. E., LIM, F. and MACKINLAY, A. C. (1998). The declining credit quality of U.S. corporate debt:
Myth or reality? J. Finance 53 1389–1413.

BRANSON, Z. and MEALLI, F. (2018). The local randomization framework for regression discontinuity designs:
A review and some extensions. arXiv preprint 1810.02761.

CALONICO, S., CATTANEO, M. D., FARRELL, M. H. and TITIUNIK, R. (2019). Regression discontinuity de-
signs using covariates. Rev. Econ. Stat. 101 442–451.

CATTANEO, M. D., FRANDSEN, B. R. and TITIUNIK, R. (2015). Randomization inference in the regression
discontinuity design: An application to party advantages in the U.S. senate. J. Causal Inference 3 1–24.

CATTANEO, M. D. and VAZQUEZ-BARE, G. (2016). The choice of neighborhood in regression discontinuity
designs. Observational Studies 2 134–146.

CHAVA, S. and ROBERTS, M. R. (2008). How does financing impact investment? The role of debt covenants. J.
Finance 63 2085–2121.

DICK-NIELSEN, J., FELDHÜTTER, P. and LANDO, D. (2012). Corporate bond liquidity before and after the onset
of the subprime crisis. J. Financ. Econ. 103 471–492.

DONG, Y. (2015). Regression discontinuity applications with rounding errors in the running variable. J. Appl.
Econometrics 30 422–446. MR3340946 https://doi.org/10.1002/jae.2369

GALEMA, R. and LUGO, S. (2017). When central banks buy corporate bonds: Target selection and impact of
the European corporate sector purchase program. Discussion Paper Series No. 17-16, Utrecht Univ. School of
Economics.

GELMAN, A. and IMBENS, G. (2019). Why high-order polynomials should not be used in regression discontinuity
designs. J. Bus. Econom. Statist. 37 447–456. MR3968384 https://doi.org/10.1080/07350015.2017.1366909

GENELETTI, S., O’KEEFFE, A. G., SHARPLES, L. D., RICHARDSON, S. and BAIO, G. (2015). Bayesian re-
gression discontinuity designs: Incorporating clinical knowledge in the causal analysis of primary care data.
Stat. Med. 34 2334–2352. MR3358620 https://doi.org/10.1002/sim.6486

GREENSTONE, M. and GALLAGHER, J. (2008). Does hazardous waste matter? Evidence from the housing market
and the superfund program. Q. J. Econ. 123 951–1003.

GROSSE-RUESCHKAMP, B., STEFFEN, S. and STREITZ, D. (2019). A capital structure channel of monetary
policy. J. Financ. Econ. 133 357–378.

GÜNDÜZ, Y., OTTONELLO, G., PELIZZON, L., SCHNEIDER, M. and SUBRAHMANYAM, M. G. (2018). Lighting
up the dark: A preliminary analysis of liquidity in the German corporate bond market. SAFE Working Paper
No. 230, Leibniz Institute for Financial Research SAFE.

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, J., TODD, P. and VAN DER KLAAUW, W. (2001). Identification and estimation of treatment effects with
a regression-discontinuity design. Econometrica 69 201–209.

HICKMAN, W. B. (1958). Corporate Bond Quality and Investor Experience. Princeton Univ. Press, Princeton,
NJ.

HIRANO, K. and IMBENS, G. W. (2001). Estimation of causal effects using propensity score weighting: An
application to data on right heart catheterization. Health Serv. Outcomes Res. Methodol. 2 259–278.

HIRANO, K., IMBENS, G. W. and RIDDER, G. (2003). Efficient estimation of average treatment effects using
the estimated propensity score. Econometrica 71 1161–1189. MR1995826 https://doi.org/10.1111/1468-0262.
00442

HJALMARSSON, R. (2009). Juvenile jails: A path to the straight and narrow or to hardened criminality? J. Law
Econ. 52 779–809.

IMBENS, G. W. and LEMIEUX, T. (2008). Regression discontinuity designs: A guide to practice. J. Econometrics
142 615–635. MR2416821 https://doi.org/10.1016/j.jeconom.2007.05.001

IMBENS, G. and VAN DER KLAAUW, W. (1995). Evaluating the cost of conscription in The Netherlands. J. Bus.
Econom. Statist. 13 207–215.

IMBENS, G. W. and WAGER, S. (2019). Optimized regression discontinuity designs. Rev. Econ. Stat. 101 264–
278.

KAO, C. and WU, C. (1990). Two-step estimation of linear models with ordinal unobserved variables: The case
of corporate bonds. J. Bus. Econom. Statist. 8 317–325.

KAPLAN, R. S. and URWITZ, G. (1979). Statistical models of bond ratings: A methodological inquiry. J. Bus.
52 231–261.

KEYS, B. J., MUKHERJEE, T., SERU, A. and VIG, V. (2010). Did securitization lead to lax screening? Evidence
from subprime loans. Q. J. Econ. 125 307–362.

http://arxiv.org/abs/1810.02761
http://www.ams.org/mathscinet-getitem?mr=3340946
https://doi.org/10.1002/jae.2369
http://www.ams.org/mathscinet-getitem?mr=3968384
https://doi.org/10.1080/07350015.2017.1366909
http://www.ams.org/mathscinet-getitem?mr=3358620
https://doi.org/10.1002/sim.6486
http://www.ams.org/mathscinet-getitem?mr=1612242
https://doi.org/10.2307/2998560
http://www.ams.org/mathscinet-getitem?mr=1995826
https://doi.org/10.1111/1468-0262.00442
http://www.ams.org/mathscinet-getitem?mr=2416821
https://doi.org/10.1016/j.jeconom.2007.05.001
https://doi.org/10.1111/1468-0262.00442


KOLESÁR, M. and ROTHE, C. (2018). Inference in regression discontinuity designs with a discrete running
variable. Am. Econ. Rev. 108 2277–2304.

KRAUS, A. and LITZENBERGER, R. H. (1973). A state-preference model of optimal financial leverage. J. Finance
28 911–922.

LEE, D. S. (2008). Randomized experiments from non-random selection in U.S. House elections. J. Econometrics
142 675–697. MR2416824 https://doi.org/10.1016/j.jeconom.2007.05.004

LEE, D. S. and CARD, D. (2008). Regression discontinuity inference with specification error. J. Econometrics
142 655–674. MR2416823 https://doi.org/10.1016/j.jeconom.2007.05.003

LEE, D. S. and LEMIEUX, T. (2010). Regression discontinuity designs in economics. J. Econ. Lit. 48 281–355.
LI, F., MATTEI, A. and MEALLI, F. (2015). Evaluating the causal effect of university grants on student dropout:

Evidence from a regression discontinuity design using principal stratification. Ann. Appl. Stat. 9 1906–1931.
MR3456358 https://doi.org/10.1214/15-AOAS881

LI, F., MORGAN, K. L. and ZASLAVSKY, A. M. (2018). Balancing covariates via propensity score weighting. J.
Amer. Statist. Assoc. 113 390–400. MR3803473 https://doi.org/10.1080/01621459.2016.1260466

LI, F., ZASLAVSKY, A. M. and LANDRUM, M. B. (2013). Propensity score weighting with multilevel data. Stat.
Med. 32 3373–3387. MR3074363 https://doi.org/10.1002/sim.5786

LI, F., MERCATANTI, A., MÄKINEN, T. and SILVESTRINI, A. (2021). Supplement to “A regression discontinuity
design for ordinal running variables: Evaluating central bank purchases of corporate bonds.” https://doi.org/10.
1214/20-AOAS1396SUPP

LUNCEFORD, J. K. and DAVIDIAN, M. (2004). Stratification and weighting via the propensity score in estimation
of causal treatment effects: A comparative study. Stat. Med. 23 2937–2960. https://doi.org/10.1002/sim.1903

MATTEI, A. and MEALLI, F. (2016). Regression discontinuity designs as local randomized experiments. Obser-
vational Studies 2 156–173.

MEALLI, F. and RAMPICHINI, C. (2012). Evaluating the effects of university grants by using regression discon-
tinuity designs. J. Roy. Statist. Soc. Ser. A 175 775–798. MR2948374 https://doi.org/10.1111/j.1467-985X.
2011.01022.x

MERCATANTI, A. and LI, F. (2014). Do debit cards increase household spending? Evidence from a semi-
parametric causal analysis of a survey. Ann. Appl. Stat. 8 2485–2508. MR3292506 https://doi.org/10.1214/
14-AOAS784

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

MIZEN, P. and TSOUKAS, S. (2012). Forecasting US bond default ratings allowing for previous and initial state
dependence in an ordered probit model. Int. J. Forecast. 28 273–287.

MÄKINEN, T., LI, F., MERCATANTI, A. and SILVESTRINI, A. (2020). Effects of eligibility for central bank
purchases on corporate bond spreads. Bank for International Settlements (BIS) Working Papers.

PINCHES, G. E. and MINGO, K. A. (1973). A multivariate analysis of industrial bond ratings. J. Finance 28
1–18.

PINCHES, G. E. and MINGO, K. A. (1975). The role of subordination and industrial bond ratings. J. Finance 30
201–206.

POGUE, T. F. and SOLDOFSKY, R. M. (1969). What’s in a bond rating. J. Financ. Quant. Anal. 4 201–228.
RAUH, J. D. (2006). Investment and financing constraints: Evidence from the funding of corporate pension plans.

J. Finance 61 33–71.
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. (1983). The central role of the propensity score in observational studies

for causal effects. Biometrika 70 41–55.
SCHARFSTEIN, D. O., ROTNITZKY, A. and ROBINS, J. M. (1999). Adjusting for nonignorable drop-out using

semiparametric nonresponse models. J. Amer. Statist. Assoc. 94 1096–1146. With comments and a rejoinder
by the authors. MR1731478 https://doi.org/10.2307/2669923

SKOVRON, C. and TITIUNIK, R. (2015). A practical guide to regression discontinuity designs in political science.
Amer. J. Polit. Sci. 2015 1–36.

STEFANSKI, L. A. and BOOS, D. D. (2002). The calculus of M-estimation. Amer. Statist. 56 29–38. MR1939394
https://doi.org/10.1198/000313002753631330

THISTLETHWAITE, D. L. and CAMPBELL, D. T. (1960). Regression-discontinuity analysis: An alternative to the
ex post facto experiment. J. Educ. Psychol. 51 309–317.

VAN DER KLAAUW, W. (2002). Estimating the effect of financial aid offers on college enrollment: A regression-
discontinuity approach. Internat. Econom. Rev. 43 1249–1287.

VAN DER VAART, A. W. (1998). Asymptotic Statistics. Cambridge Series in Statistical and Probabilistic Mathe-
matics 3. Cambridge Univ. Press, Cambridge. MR1652247 https://doi.org/10.1017/CBO9780511802256

http://www.ams.org/mathscinet-getitem?mr=2416824
https://doi.org/10.1016/j.jeconom.2007.05.004
http://www.ams.org/mathscinet-getitem?mr=2416823
https://doi.org/10.1016/j.jeconom.2007.05.003
http://www.ams.org/mathscinet-getitem?mr=3456358
https://doi.org/10.1214/15-AOAS881
http://www.ams.org/mathscinet-getitem?mr=3803473
https://doi.org/10.1080/01621459.2016.1260466
http://www.ams.org/mathscinet-getitem?mr=3074363
https://doi.org/10.1002/sim.5786
https://doi.org/10.1214/20-AOAS1396SUPP
https://doi.org/10.1002/sim.1903
http://www.ams.org/mathscinet-getitem?mr=2948374
https://doi.org/10.1111/j.1467-985X.2011.01022.x
http://www.ams.org/mathscinet-getitem?mr=3292506
https://doi.org/10.1214/14-AOAS784
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=1731478
https://doi.org/10.2307/2669923
http://www.ams.org/mathscinet-getitem?mr=1939394
https://doi.org/10.1198/000313002753631330
http://www.ams.org/mathscinet-getitem?mr=1652247
https://doi.org/10.1017/CBO9780511802256
https://doi.org/10.1214/20-AOAS1396SUPP
https://doi.org/10.1111/j.1467-985X.2011.01022.x
https://doi.org/10.1214/14-AOAS784


ZAGHINI, A. (2019). The CSPP at work: Yield heterogeneity and the portfolio rebalancing channel. J. Corp.
Finance 56 282–297.

ZHOU, Y., MATSOUAKA, R. A. and THOMAS, L. (2020). Propensity score weighting under limited overlap
and model misspecification. Stat. Methods Med. Res. 29 3721–3756. MR4159223 https://doi.org/10.1177/
0962280220940334

http://www.ams.org/mathscinet-getitem?mr=4159223
https://doi.org/10.1177/0962280220940334
https://doi.org/10.1177/0962280220940334


The Annals of Applied Statistics
2021, Vol. 15, No. 1, 323–342
https://doi.org/10.1214/20-AOAS1399
© Institute of Mathematical Statistics, 2021

SPATIAL DISTRIBUTED LAG DATA FUSION FOR ESTIMATING AMBIENT
AIR POLLUTION
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We introduce spatial (DLfuse) and spatiotemporal (DLfuseST) dis-
tributed lag data fusion methods for predicting point-level ambient air pol-
lution concentrations, using, as input, gridded average pollution estimates
from a deterministic numerical air quality model. The methods incorporate
predictive information from grid cells surrounding the prediction location of
interest and are shown to collapse to existing downscaling approaches when
this information adds no benefit. The spatial lagged parameters are allowed to
vary spatially/spatiotemporally to accommodate the setting where surround-
ing geographic information is useful in one area/time but not in another. We
apply the new methods to predict ambient concentrations of eight-hour max-
imum ozone and 24-hour average PM2.5 at unobserved spatial locations and
times, and compare the predictions with those from several state-of-the-art
data fusion approaches. Results show that DLfuse and DLfuseST often pro-
vide improved model fit and predictive accuracy when the lagged informa-
tion is shown to be beneficial. Code to apply the methods is available in the
R package DLfuse.
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CRISPR technology has enabled cell lineage tracing for complex multi-
cellular organisms through insertion-deletion mutations of synthetic genomic
barcodes during organismal development. To reconstruct the cell lineage tree
from the mutated barcodes, current approaches apply general-purpose com-
putational tools that are agnostic to the mutation process and are unable to
take full advantage of the data’s structure. We propose a statistical model for
the CRISPR mutation process and develop a procedure to estimate the result-
ing tree topology, branch lengths and mutation parameters by iteratively ap-
plying penalized maximum likelihood estimation. By assuming the barcode
evolves according to a molecular clock, our method infers relative ordering
across parallel lineages, whereas existing techniques only infer ordering for
nodes along the same lineage. When analyzing transgenic zebrafish data from
(Science 353 (2016) aaf7907), we find that our method recapitulates known
aspects of zebrafish development and the results are consistent across sam-
ples.
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The coronavirus disease 2019 (COVID-19) has quickly grown from a
regional outbreak in Wuhan, China, to a global pandemic. Early estimates
of the epidemic growth and incubation period of COVID-19 may have been
biased due to sample selection. Using detailed case reports from 14 loca-
tions in and outside mainland China, we obtained 378 Wuhan-exported cases
who left Wuhan before an abrupt travel quarantine. We developed a gener-
ative model we call BETS for four key epidemiological events—Beginning
of exposure, End of exposure, time of Transmission, and time of Symptom
onset (BETS)—and derived explicit formulas to correct for the sample selec-
tion. We gave a detailed illustration of why some early and highly influential
analyses of the COVID-19 pandemic were severely biased. All our analyses,
regardless of which subsample and model were being used, point to an epi-
demic doubling time of two to 2.5 days during the early outbreak in Wuhan.
A Bayesian nonparametric analysis further suggests that about 5% of the
symptomatic cases may not develop symptoms within 14 days of infection
and that men may be much more likely than women to develop symptoms
within two days of infection.
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Gene expression deconvolution is a powerful tool for exploring the mi-
croenvironment of complex tissues comprised of multiple cell groups using
transcriptomic data. Characterizing cell activities for a particular condition
has been regarded as a primary mission against diseases. For example, cancer
immunology aims to clarify the role of the immune system in the progression
and development of cancer through analyzing the immune cell components of
tumors. To that end, many deconvolution methods have been proposed for in-
ferring cell subpopulations within tissues. Nevertheless, two problems limit
the practicality of current approaches. First, most approaches use external
purified data to preselect cell type-specific genes that contribute to decon-
volution. However, some types of cells cannot be found in purified profiles,
and the genes specifically over- or under-expressed in them cannot be iden-
tified. This is particularly a problem in cancer studies. Hence, a preselection
strategy that is independent from deconvolution is inappropriate. The second
problem is that existing approaches do not recover the expression profiles
of unknown cells present in bulk tissues when the reference set of purified
cell-specific profiles is incomplete which results in biased estimation of un-
known cell proportions. Furthermore, it causes the shift-invariant property
of deconvolution to fail which then affects the estimation performance. To
address these two problems, we propose a novel semireference-based de-
convolution approach, BayICE which employs hierarchical Bayesian mod-
eling with stochastic search variable selection. We develop a comprehensive
Markov chain Monte Carlo procedure through Gibbs sampling to estimate
proportions, expression profiles and signature genes for a set of known ref-
erence cell types as well as an unknown cell type. Simulation and validation
studies illustrate that BayICE outperforms existing semireference-based de-
convolution approaches in estimating cell proportions. We further show that
BayICE is applicable to single-cell RNA-seq data. Subsequently, we demon-
strate an application of BayICE in the RNA sequencing of patients with nons-
mall cell lung cancer. The model is implemented in the R package “BayICE,”
and the algorithm is available for download.
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Causal analysis of observational studies requires data that comprise a set
of covariates, a treatment assignment indicator and the observed outcomes.
However, data confidentiality restrictions or the nature of data collection
may distribute these variables across two or more datasets. In the absence
of unique identifiers to link records across files, probabilistic record linkage
algorithms can be leveraged to merge the datasets. Current applications of
record linkage are concerned with estimation of associations between vari-
ables that are exclusive to one file and not causal relationships. We propose
a Bayesian framework for record linkage and causal inference where one file
comprises all the covariate and observed outcome information, and the sec-
ond file consists of a list of all individuals who receive the active treatment.
Under certain ignorability assumptions, the procedure properly propagates
the error in the record linkage process, resulting in valid statistical inferences.
To estimate the causal effects, we devise a two-stage procedure. The first
stage of the procedure performs Bayesian record linkage to multiply-impute
the treatment assignment for all individuals in the first file, while adjustments
for covariates’ imbalance and imputation of missing potential outcomes are
performed in the second stage. This procedure is used to evaluate the effect
of Meals on Wheels services on mortality and healthcare utilization among
homebound older adults in Rhode Island. In addition, an interpretable sensi-
tivity analysis is developed to assess potential violations of the ignorability
assumptions.
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ACCOUNTING FOR SMOKING IN FORECASTING MORTALITY AND LIFE
EXPECTANCY

BY YICHENG LI* AND ADRIAN E. RAFTERY†

Department of Statistics, University of Washington, *yl83@uw.edu; †raftery@uw.edu

Smoking is one of the main risk factors that has affected human mortality
and life expectancy over the past century. Smoking accounts for a large part
of the nonlinearities in the growth of life expectancy and of the geographic
and gender differences in mortality. As Bongaarts (Popul. Dev. Rev. 32 (2006)
605–628) and Janssen (Genus 74 (2018) 21) suggested, accounting for smok-
ing could improve the quality of mortality forecasts due to the predictable
nature of the smoking epidemic. We propose a new Bayesian hierarchical
model to forecast life expectancy at birth for both genders and for 69 coun-
tries/regions with good data on smoking-related mortality. The main idea is
to convert the forecast of the nonsmoking life expectancy at birth (i.e., life
expectancy at birth removing the smoking effect) into life expectancy fore-
cast through the use of the age-specific smoking attributable fraction (AS-
SAF). We introduce a new age-cohort model for the ASSAF and a Bayesian
hierarchical model for nonsmoking life expectancy at birth. The forecast per-
formance of the proposed method is evaluated by out-of-sample validation
compared with four other commonly used methods for life expectancy fore-
casting. Improvements in forecast accuracy and model calibration based on
the new method are observed.
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AND SEQUENTIAL EXPERIMENTS
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Probabilistic hurricane storm surge forecasting using a high-fidelity
model has been considered impractical due to the overwhelming computa-
tional expense to run thousands of simulations. This article demonstrates that
modern statistical tools enable good forecasting performance using a small
number of carefully chosen simulations. This article offers algorithms that
quickly handle the massive output of a surge model while addressing the
missing data at unsubmerged locations. Also included is a new optimal de-
sign criterion for selecting simulations that accounts for the log transform
required to statistically model surge data. Hurricane Michael (2018) is used
as a testbed for this investigation and provides evidence for the approach’s
efficacy in comparison to the existing probabilistic surge forecast method.
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Clustering is a form of unsupervised learning that aims to uncover latent
groups within data based on similarity across a set of features. A common ap-
plication of this in biomedical research is in delineating novel cancer subtypes
from patient gene expression data, given a set of informative genes. However,
it is typically unknown a priori what genes may be informative in discriminat-
ing between clusters and what the optimal number of clusters are. Few meth-
ods exist for performing unsupervised clustering of RNA-seq samples, and
none currently adjust for between-sample global normalization factors, select
cluster-discriminatory genes or account for potential confounding variables
during clustering. To address these issues, we propose the feature selection
and clustering of RNA-seq (FSCseq): a model-based clustering algorithm
that utilizes a finite mixture of regression (FMR) model and the quadratic
penalty method with a smoothly clipped absolute deviation (SCAD) penalty.
The maximization is done by a penalized Classification EM algorithm, al-
lowing us to include normalization factors and confounders in our modeling
framework. Given the fitted model, our framework allows for subtype predic-
tion in new patients via posterior probabilities of cluster membership, even in
the presence of batch effects. Based on simulations and real data analysis, we
show the advantages of our method relative to competing approaches.
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Time-course experiments are commonly conducted to capture temporal
changes. It is generally of interest to detect if any changes happen over time,
which we define as a detection problem. If there is a change, it is informative
to know when the change is, which we define as an identification problem. It
is often desired to control Type I error rate at a nominal level while applying
a testing procedure to detect or identify these changes. Quite a few analytic
methods have been proposed. Most existing methods aim to solve either the
detection problem or, more recently, the identification problem. Here, we pro-
pose to solve these two problems using a unified multiple-testing framework
built upon an empirical Bayes change-point model. Our model provides a
flexible framework that can account for sophisticated temporal gene expres-
sion patterns. We show that our testing procedure is valid and asymptotically
optimal in the sense of rejecting the maximum number of null hypotheses,
while the Bayesian false discovery rate (FDR) can be controlled at a prede-
fined nominal level. Simulation studies and application to real transcriptome
time-course data illustrate that our proposed model is a flexible and powerful
method to capture various temporal patterns in analysis of time-course data.
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