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ROBUST CAUSAL INFERENCE FOR INCREMENTAL RETURN ON AD
SPEND WITH RANDOMIZED PAIRED GEO EXPERIMENTS

BY AIYOU CHENa AND TIMOTHY C. AUb

Google LLC, aaiyouchen@google.com, btimau@google.com

Evaluating the incremental return on ad spend (iROAS) of a prospec-
tive online marketing strategy (i.e., the ratio of the strategy’s causal effect
on some response metric of interest relative to its causal effect on the ad
spend) has become increasingly more important. Although randomized “geo
experiments” are frequently employed for this evaluation, obtaining reliable
estimates of iROAS can be challenging, as oftentimes only a small number
of highly heterogeneous units are used. Moreover, advertisers frequently im-
pose budget constraints on their ad spends which further complicates causal
inference by introducing interference between the experimental units. In this
paper we formulate a novel statistical framework for inferring the iROAS
of online advertising from randomized paired geo experiment, which further
motivates and provides new insights into Rosenbaum’s arguments on instru-
mental variables, and we propose and develop a robust, distribution-free and
interpretable estimator “Trimmed Match” as well as a data-driven choice of
the tuning parameter which may be of independent interest. We investigate
the sensitivity of Trimmed Match to some violations of its assumptions and
show that it can be more efficient than some alternative estimators based on
simulated data. We then demonstrate its practical utility with real case stud-
ies.
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BAGEL: A BAYESIAN GRAPHICAL MODEL FOR INFERRING DRUG
EFFECT LONGITUDINALLY ON DEPRESSION IN PEOPLE WITH HIV

BY YULIANG LI1,a, YANG NI2,c, LEAH H. RUBIN3,d, AMANDA B. SPENCE4,e AND

YANXUN XU1,b

1Department of Applied Mathematics and Statistics, Johns Hopkins University, ayli193@jhu.edu, byanxun.xu@jhu.edu
2Department of Statistics, Texas A&M University, cyni@stat.tamu.edu

3Departments of Neurology and Psychiatry, Johns Hopkins University School of Medicine, dlrubin@jhu.edu
4Department of Medicine, Georgetown University, eabs132@georgetown.edu

Access and adherence to antiretroviral therapy (ART) has transformed
the face of HIV infection from a fatal to a chronic disease. However, ART
is also known for its side effects. Studies have reported that ART is asso-
ciated with depressive symptomatology. Large-scale HIV clinical databases
with individuals’ longitudinal depression records, ART medications, and clin-
ical characteristics offer researchers unprecedented opportunities to study
the effects of ART drugs on depression over time. We develop BAGEL, a
Bayesian graphical model, to investigate longitudinal effects of ART drugs
on a range of depressive symptoms while adjusting for participants’ demo-
graphic, behavior, and clinical characteristics, and taking into account the
heterogeneous population through a Bayesian nonparametric prior. We eval-
uate BAGEL through simulation studies. Application to a dataset from the
Women’s Interagency HIV Study yields interpretable and clinically useful
results. BAGEL not only can improve our understanding of ART drugs’ ef-
fects on disparate depression symptoms but also has clinical utility in guiding
informed and effective treatment selection to facilitate precision medicine in
HIV.
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When treatment effect heterogeneity exists, identifying the subgroup of
patients who would benefit from an active treatment relative to a control is
an important question. This article focuses on subgroup identification in the
presence of a large dimensional set of covariates, with the number of covari-
ates possibly greater than the sample size. We approach this problem from the
perspective of optimal treatment decision rules and propose methods that can
simultaneously estimate the treatment decision rule and select prescriptive
variables important for treatment decision making and subgroup identifica-
tion. The proposed methods are built within a robust classification framework
based on doubly robust augmented inverse probability weighted estimators
(AIPWE), hence sharing the robustness property. An L1 (lasso-type) penalty
is used within the classification framework to target selection of prescriptive
variables. We further propose a backward elimination process for fine-tuning
selection. The methods can be conveniently implemented by taking advan-
tage of standard software for logistic regression and lasso. The methods are
evaluated by extensive simulation studies which demonstrated the superior
and robust performance of the proposed methods relative to existing ones.
In addition, the estimated decision rules from the proposed methods are con-
siderably simpler than other methods. We applied various methods to identify
the subgroup of patients suitable for each of the two commonly used anticoag-
ulants in terms of bleeding risk for patients with acute myocardial infarction
undergoing percutaneous coronary intervention.
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BOUNDING THE LOCAL AVERAGE TREATMENT EFFECT IN AN
INSTRUMENTAL VARIABLE ANALYSIS OF ENGAGEMENT WITH A

MOBILE INTERVENTION
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Estimation of local average treatment effects in randomized trials typi-
cally relies upon the exclusion restriction assumption in cases where we are
unwilling to rule out the possibility of unmeasured confounding. Under this
assumption, treatment effects are mediated through the post-randomization
variable being conditioned upon and directly attributable to neither the ran-
domization itself nor its latent descendants. Recently, there has been in-
terest in mobile health interventions to provide healthcare support. Mobile
health interventions (e.g., the Rapid Encouragement/Education and Commu-
nications for Health, or REACH, designed to support self management for
adults with type 2 diabetes) often involve both one-way and interactive mes-
sages. In practice, it is highly likely that any benefit from the intervention
is achieved both through receipt of the intervention content and through en-
gagement with/response to it. Application of an instrumental variable analy-
sis in order to understand the role of engagement with REACH (or a similar
intervention) requires the traditional exclusion restriction assumption to be
relaxed. We propose a conceptually intuitive sensitivity analysis procedure
for the REACH randomized trial that places bounds on local average treat-
ment effects. Simulation studies reveal this approach to have desirable finite-
sample behavior and to recover local average treatment effects under correct
specification of sensitivity parameters.

REFERENCES

ANGRIST, J. D. and IMBENS, G. W. (1995). Two-stage least squares estimation of average causal effects in
models with variable treatment intensity. J. Amer. Statist. Assoc. 90 431–442. MR1340501

ANGRIST, J., IMBENS, G. and RUBIN, D. (1996). Identification of causal effects using instrumental variables.
J. Amer. Statist. Assoc. 91 444–455.

BAIOCCHI, M., CHENG, J. and SMALL, D. S. (2014). Instrumental variable methods for causal inference. Stat.
Med. 33 2297–2340. MR3257582 https://doi.org/10.1002/sim.6128

BUSE, A. (1992). The bias of instrumental variable estimators. Econometrica 60 173–180. MR1161549
https://doi.org/10.2307/2951682

DORIE, V., HARADA, M., CARNEGIE, N. B. and HILL, J. (2016). A flexible, interpretable framework for assess-
ing sensitivity to unmeasured confounding. Stat. Med. 35 3453–3470. MR3537215 https://doi.org/10.1002/
sim.6973

EFRON, B. and TIBSHIRANI, R. (1986). Bootstrap methods for standard errors, confidence intervals, and other
measures of statistical accuracy. Statist. Sci. 1 54–77. With a comment by J. A. Hartigan and a rejoinder by
the authors. MR0833275

FRANGAKIS, C. E. and RUBIN, D. B. (2002). Principal stratification in causal inference. Biometrics 58 21–29.
MR1891039 https://doi.org/10.1111/j.0006-341X.2002.00021.x

FRANGAKIS, C., RUBIN, D. and ZHOU, X. (2002). Clustered encouragement designs with individual noncom-
pliance: Bayesian inference with randomization, and application to advance directive forms. Biostatistics 3
147–164.

FUNK, M., WESTREICH, D., WIESEN, C., STÜRMER, T., BROOKHART, M. and DAVIDIAN, M. (2011). Doubly
robust estimation of causal effects. Am. J. Epidemiol. 173 761–767.

Key words and phrases. Causal, exclusion restriction, instrumental variables, sensitivity analysis.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1476
http://www.imstat.org
mailto:andrew.spieker@vumc.org
mailto:robert.greevy@vumc.org
mailto:lyndsay.a.nelson@vumc.org
mailto:lindsay.mayberry@vumc.org
http://www.ams.org/mathscinet-getitem?mr=1340501
http://www.ams.org/mathscinet-getitem?mr=3257582
https://doi.org/10.1002/sim.6128
http://www.ams.org/mathscinet-getitem?mr=1161549
https://doi.org/10.2307/2951682
http://www.ams.org/mathscinet-getitem?mr=3537215
https://doi.org/10.1002/sim.6973
http://www.ams.org/mathscinet-getitem?mr=0833275
http://www.ams.org/mathscinet-getitem?mr=1891039
https://doi.org/10.1111/j.0006-341X.2002.00021.x
https://doi.org/10.1002/sim.6973


GREENWOOD, D. A., GEE, P. M., FATKIN, K. J. and PEEPLES, M. (2017). A systematic review of reviews
evaluating technology-enabled diabetes self-management education and support. J. Diabetes Sci. Technol. 11
1015–1027. https://doi.org/10.1177/1932296817713506

GREEVY, R., SILBER, J. H., CNAAN, A. and ROSENBAUM, P. R. (2004). Randomization inference with im-
perfect compliance in the ACE-inhibitor after anthracycline randomized trial. J. Amer. Statist. Assoc. 99 7–15.
MR2061884 https://doi.org/10.1198/016214504000000025

HARRELL, F. (2001). Regression Modeling Strategies: With Applications to Linear Models, Logistic Regression,
and Survival Analysis. Springer, New York.

HUDGENS, M. G. and HALLORAN, M. E. (2008). Toward causal inference with interference. J. Amer. Statist.
Assoc. 103 832–842. MR2435472 https://doi.org/10.1198/016214508000000292

IMAI, K., KEELE, L. and YAMAMOTO, T. (2010). Identification, inference and sensitivity analysis for causal
mediation effects. Statist. Sci. 25 51–71. MR2741814 https://doi.org/10.1214/10-STS321

IMBENS, G. and ANGRIST, J. (1994). Identification and estimation of local average treatment effects. Economet-
rica 62 467–475.

JIN, H. and RUBIN, D. B. (2008). Principal stratification for causal inference with extended partial compliance.
J. Amer. Statist. Assoc. 103 101–111. MR2463484 https://doi.org/10.1198/016214507000000347

JO, B. (2002). Estimation of intervention effects with noncompliance: Alternative model specifications. J. Educ.
Behav. Stat. 27 385–409.

JO, B. (2007). Bias mechanisms in intention-to-treat analysis with data subject to treatment noncompliance and
missing outcomes. J. Educ. Behav. Stat. 33 158–185. https://doi.org/10.3102/1076998607302635

JO, B. and VINOKUR, A. D. (2011). Sensitivity analysis and bounding of causal effects with alternative identi-
fying assumptions. J. Educ. Behav. Stat. 36 415–440. https://doi.org/10.3102/1076998610383985

LIN, D., PSATY, B. and KRONMAL, R. (1998). Assessing the sensitivity of regression results to unmeasured
confounders in observational studies. Biometrics 54 948–963.

LUNCEFORD, J. 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.

MARCOLINO, M., OLIVEIRA, J., D’AGOSTINO, M., RIBEIRO, A., ALKMIM, M. and NOVILLO-ORTIZ, D.
(2018). The impact of mHealth interventions: Systematic review of systematic reviews. Journal of Medical
Internet Research MHealth UHealth 6 e23.

MILLIMET, D. L. and TCHERNIS, R. (2013). Estimation of treatment effects without an exclusion restriction:
With an application to the analysis of the school breakfast program. J. Appl. Econometrics 28 982–1017.
MR3108036

NELSON, L., WALLSTON, K., KRIPALANI, S., GREEVY, R. J., ELASY, T., BERGNER, E., GENTRY, C. and
MAYBERRY, L. (2018). Mobile phone support for diabetes self-care among diverse adults: Protocol for a
three-arm randomized controlled trial. JMIR Res. Protoc. 7 e92.

NELSON, L. A., GREEVY, R. A., SPIEKER, A., WALLSTON, K. A., ELASY, T. A., KRIPALANI, S., GEN-
TRY, C., BERGNER, E. M., LESTOURGEON, L. M. et al. (2021). Effects of a tailored text messaging interven-
tion among diverse adults with type 2 diabetes: Evidence from the 15-month REACH randomized controlled
trial. Diabetes Care 44 26–34. https://doi.org/10.2337/dc20-0961

R CORE TEAM (2020). R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing, Vienna, Austria.

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. Mathematical Modeling 7 1393–1512.

ROBINS, J., HERNÁN, M. and BRUMBACK, B. (2000). Marginal structural models and causal inference in epi-
demiology. Epidemiology 11 550–560.

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. MR0742974 https://doi.org/10.1093/biomet/70.1.41

ROY, J., HOGAN, J. and MARCUS, B. (2008). Principal stratification with predictors of compliance for random-
ized trials with 2 active treatments. Biostatistics 9 277–289.

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

RUBIN, D. B. (1987). Multiple Imputation for Nonresponse in Surveys. Wiley Series in Probability and Mathe-
matical Statistics: Applied Probability and Statistics. Wiley, New York. MR0899519 https://doi.org/10.1002/
9780470316696

SCHOMAKER, M. and HEUMANN, C. (2018). Bootstrap inference when using multiple imputation. Stat. Med.
37 2252–2266. MR3810720 https://doi.org/10.1002/sim.7654

SPIEKER, A. J., GREEVY, R. A., NELSON, L. A. and MAYBERRY, L. S. (2022). Supplement to “Bounding the
local average treatment effect in an instrumental variable analysis of engagement with a mobile intervention.”
https://doi.org/10.1214/21-AOAS1476SUPPA, https://doi.org/10.1214/21-AOAS1476SUPPB

https://doi.org/10.1177/1932296817713506
http://www.ams.org/mathscinet-getitem?mr=2061884
https://doi.org/10.1198/016214504000000025
http://www.ams.org/mathscinet-getitem?mr=2435472
https://doi.org/10.1198/016214508000000292
http://www.ams.org/mathscinet-getitem?mr=2741814
https://doi.org/10.1214/10-STS321
http://www.ams.org/mathscinet-getitem?mr=2463484
https://doi.org/10.1198/016214507000000347
https://doi.org/10.3102/1076998607302635
https://doi.org/10.3102/1076998610383985
http://www.ams.org/mathscinet-getitem?mr=3108036
https://doi.org/10.2337/dc20-0961
http://www.ams.org/mathscinet-getitem?mr=0742974
https://doi.org/10.1093/biomet/70.1.41
http://www.ams.org/mathscinet-getitem?mr=0899519
https://doi.org/10.1002/9780470316696
http://www.ams.org/mathscinet-getitem?mr=3810720
https://doi.org/10.1002/sim.7654
https://doi.org/10.1214/21-AOAS1476SUPPA
https://doi.org/10.1214/21-AOAS1476SUPPB
https://doi.org/10.1002/9780470316696


STUART, E. A. and JO, B. (2015). Assessing the sensitivity of methods for estimating principal causal effects.
Stat. Methods Med. Res. 24 657–674. MR3428422 https://doi.org/10.1177/0962280211421840

TSIATIS, A. A., DAVIDIAN, M., ZHANG, M. and LU, X. (2008). Covariate adjustment for two-sample treat-
ment comparisons in randomized clinical trials: A principled yet flexible approach. Stat. Med. 27 4658–4677.
MR2528575 https://doi.org/10.1002/sim.3113

VAN BUUREN, S., BRAND, J. P. L., GROOTHUIS-OUDSHOORN, C. G. M. and RUBIN, D. B. (2006). Fully
conditional specification in multivariate imputation. J. Stat. Comput. Simul. 76 1049–1064. MR2307507
https://doi.org/10.1080/10629360600810434

http://www.ams.org/mathscinet-getitem?mr=3428422
https://doi.org/10.1177/0962280211421840
http://www.ams.org/mathscinet-getitem?mr=2528575
https://doi.org/10.1002/sim.3113
http://www.ams.org/mathscinet-getitem?mr=2307507
https://doi.org/10.1080/10629360600810434


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 80–103
https://doi.org/10.1214/21-AOAS1503
© Institute of Mathematical Statistics, 2022

SUBGROUP-EFFECTS MODELS FOR THE ANALYSIS OF PERSONAL
TREATMENT EFFECTS

BY LING ZHOU1,a, SHIQUAN SUN2,b, HAODA FU3,c AND PETER X.-K. SONG4,d

1Center for Statistical Research, Southwestern University of Finance and Economics, azhouling@swufe.edu.cn
2School of Public Health, Xi’an Jiaotong University, bsqsunsph@xjtu.edu.cn

3Eli Lilly and Company, cfu_haoda@lilly.com
4Department of Biostatistics, University of Michigan, dpxsong@umich.edu

The emerging field of precision medicine is transforming statistical anal-
ysis from the classical paradigm of population-average treatment effects into
that of personal treatment effects. This new scientific mission has called for
adequate statistical methods to assess heterogeneous covariate effects in re-
gression analysis. This paper focuses on a subgroup analysis that consists of
two primary analytic tasks: identification of treatment effect subgroups and
individual group memberships, and statistical inference on treatment effects
by subgroup. We propose an approach to synergizing supervised clustering
analysis via alternating direction method of multipliers (ADMM) algorithm
and statistical inference on subgroup effects via expectation-maximization
(EM) algorithm. Our proposed procedure, termed as hybrid operation for sub-
group analysis (HOSA), enjoys computational speed and numerical stability
with interpretability and reproducibility. We establish key theoretical proper-
ties for both proposed clustering and inference procedures. Numerical illus-
tration includes extensive simulation studies and analyses of motivating data
from two randomized clinical trials to learn subgroup treatment effects.
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Vector autoregressive (VAR) models assume linearity between the en-
dogenous variables and their lags. This assumption might be overly restric-
tive and could have a deleterious impact on forecasting accuracy. As a so-
lution we propose combining VAR with Bayesian additive regression tree
(BART) models. The resulting Bayesian additive vector autoregressive tree
(BAVART) model is capable of capturing arbitrary nonlinear relations be-
tween the endogenous variables and the covariates without much input from
the researcher. Since controlling for heteroscedasticity is key for producing
precise density forecasts, our model allows for stochastic volatility in the er-
rors. We apply our model to two datasets. The first application shows that the
BAVART model yields highly competitive forecasts of the U.S. term struc-
ture of interest rates. In a second application we estimate our model using a
moderately sized Eurozone dataset to investigate the dynamic effects of un-
certainty on the economy.
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In order to implement disease-specific interventions in young age groups,
policy makers in low- and middle-income countries require timely and accu-
rate estimates of age- and cause-specific child mortality. High-quality data is
not available in settings where these interventions are most needed, but there
is a push to create sample registration systems that collect detailed mortal-
ity information. Current methods that estimate mortality from this data em-
ploy multistage frameworks without rigorous statistical justification that sep-
arately estimate all-cause and cause-specific mortality and are not sufficiently
adaptable to capture important features of the data. We propose a flexible
Bayesian modeling framework to estimate age- and cause-specific child mor-
tality from sample registration data. We provide a theoretical justification for
the framework, explore its properties via simulation, and use it to estimate
mortality trends using data from the Maternal and Child Health Surveillance
System in China.
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Leveraging multivariate spatial dependence to improve the precision of
estimates using American Community Survey data and other sample survey
data has been a topic of recent interest among data users and federal statisti-
cal agencies. One strategy is to use a multivariate spatial mixed effects model
with a Gaussian observation model and latent Gaussian process model. In
practice, this works well for a wide range of tabulations. Nevertheless, in sit-
uations in which the data exhibit heterogeneity within or across geographies,
and/or there is sparsity in the data, the Gaussian assumptions may be prob-
lematic and lead to underperformance. To remedy these situations, we pro-
pose a multivariate hierarchical Bayesian nonparametric mixed effects spatial
mixture model to increase model flexibility. The number of clusters is chosen
automatically in a data-driven manner. The effectiveness of our approach is
demonstrated through a simulation study and motivating application of spe-
cial tabulations for American Community Survey data.
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SPARSE MATRIX LINEAR MODELS FOR STRUCTURED
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Recent technological advancements have led to the rapid generation of
high-throughput biological data which can be used to address novel scien-
tific questions in broad areas of research. These data can be thought of as
a large matrix with covariates annotating both its rows and columns. Matrix
linear models provide a convenient way for modeling such data. In many sit-
uations, sparse estimation of these models is desired. We present fast, general
methods for fitting sparse matrix linear models to structured high-throughput
data. We induce model sparsity using an L1 penalty and consider the case
when the response matrix and the covariate matrices are large. Due to data
size, standard methods for estimation of these penalized regression models
fail if the problem is converted to the corresponding univariate regression
scenario. By leveraging matrix properties in the structure of our model, we
develop several fast estimation algorithms (coordinate descent, FISTA and
ADMM) and discuss their trade-offs. We evaluate our method’s performance
on simulated data, E. coli chemical genetic screening data and two Ara-
bidopsis genetic datasets with multivariate responses. Our algorithms have
been implemented in the Julia programming language and are available at
https://github.com/senresearch/MatrixLMnet.jl.
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Several modern applications require the integration of multiple large data
matrices that have shared rows and/or columns. For example, cancer stud-
ies that integrate multiple omics platforms across multiple types of cancer,
pan-omics pan-cancer analysis, have extended our knowledge of molecular
heterogeneity beyond what was observed in single tumor and single plat-
form studies. However, these studies have been limited by available statistical
methodology. We propose a flexible approach to the simultaneous factoriza-
tion and decomposition of variation across such bidimensionally linked matri-
ces, BIDIFAC+. BIDIFAC+ decomposes variation into a series of low-rank
components that may be shared across any number of row sets (e.g., omics
platforms) or column sets (e.g., cancer types). This builds on a growing lit-
erature for the factorization and decomposition of linked matrices which has
primarily focused on multiple matrices that are linked in one dimension (rows
or columns) only. Our objective function extends nuclear norm penalization,
is motivated by random matrix theory, gives a unique decomposition under
relatively mild conditions, and can be shown to give the mode of a Bayesian
posterior distribution. We apply BIDIFAC+ to pan-omics pan-cancer data
from TCGA, identifying shared and specific modes of variability across four
different omics platforms and 29 different cancer types.
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The Argo data is a modern oceanography dataset that provides unprece-
dented global coverage of temperature and salinity measurements in the upper
2000 meters of depth of the ocean. We study the Argo data from the perspec-
tive of functional data analysis (FDA). We develop spatiotemporal functional
kriging methodology for mean and covariance estimation to predict tempera-
ture and salinity at a fixed location as a smooth function of depth. By combin-
ing tools from FDA and spatial statistics, including smoothing splines, local
regression, and multivariate spatial modeling and prediction, our approach
provides advantages over current methodology that consider pointwise es-
timation at fixed depths. Our approach naturally leverages the irregularly-
sampled data in space, time, and depth to fit a space-time functional model
for temperature and salinity. The developed framework provides new tools
to address fundamental scientific problems involving the entire upper water
column of the oceans, such as the estimation of ocean heat content, stratifica-
tion, and thermohaline oscillation. For example, we show that our functional
approach yields more accurate ocean heat content estimates than ones based
on discrete integral approximations in pressure. Further, using the derivative
function estimates, we obtain a new product of a global map of the mixed
layer depth, a key component in the study of heat absorption and nutrient
circulation in the oceans. The derivative estimates also reveal evidence for
density inversions in areas distinguished by mixing of particularly different
water masses.
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Atmospheric rivers (ARs) are elongated regions of water vapor in the at-
mosphere that play a key role in global water cycles, particularly in western
U.S. precipitation. The primary component of many AR detection schemes is
the thresholding of the integrated water vapor transport (IVT) magnitude at a
single quantile over time. Utilizing a recently developed family of parametric
distributions for quantile regression, this paper develops a flexible dynamic
quantile linear model (exDQLM) which enables versatile, structured, and in-
formative estimation of the IVT quantile threshold. A simulation study illus-
trates our exDQLM to be more robust than the standard Bayesian parametric
quantile regression approach for nonstandard distributions, performing better
in both quantile estimation and predictive accuracy. In addition to a Markov
chain Monte Carlo (MCMC) algorithm, we develop an efficient importance
sampling variational Bayes (ISVB) algorithm for fast approximate Bayesian
inference which is found to produce comparable results to the MCMC in a
fraction of the computation time. Further, we develop a transfer function ex-
tension to our exDQLM as a method for quantifying nonlinear relationships
between a quantile of a climatological response and an input. The utility of
our transfer function exDQLM is demonstrated in capturing both the imme-
diate and lagged effects of El Niño Southern Oscillation Longitude Index on
the estimation of the 0.85 quantile IVT.
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The modeling of spatiotemporal trends in temperature extremes can help
better understand the structure and frequency of heatwaves in a changing
climate and assess the environmental, societal, economic and health-related
risks they entail. Here, we study annual temperature maxima over Southern
Europe using a century-spanning dataset observed at 44 monitoring stations.
Extending the spectral representation of max-stable processes, our modeling
framework relies on a novel construction of max-infinitely divisible processes
which include covariates to capture spatiotemporal nonstationarities. Our new
model keeps a popular max-stable process on the boundary of the parameter
space, while flexibly capturing weakening extremal dependence at increasing
quantile levels and asymptotic independence. This is achieved by linking the
overall magnitude of a spatial event to its spatial correlation range in such a
way that more extreme events become less spatially dependent, thus more lo-
calized. Our model reveals salient features of the spatiotemporal variability of
European temperature extremes, and it clearly outperforms natural alternative
models. Results show that the spatial extent of heatwaves is smaller for more
severe events at higher elevations and that recent heatwaves are moderately
wider. Our probabilistic assessment of the 2019 annual maxima confirms the
severity of the 2019 heatwaves both spatially and at individual sites, espe-
cially when compared to climatic conditions prevailing in 1950–1975. Our
results could be exploited in practice to understand the spatiotemporal dy-
namics, severity and frequency of extreme heatwaves and to design suitable
region-specific mitigation measures.
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In this paper we introduce strategies for modeling, monitoring, and fore-
casting sequential web traffic data using flows from the Fox News website.
In our analysis we consider a family of Poisson-gamma state space (PGSS)
models that can accurately quantify the uncertainty exhibited by web traffic
data, can provide fast sequential monitoring and prediction mechanisms for
high frequency time intervals, and are computationally feasible when struc-
tural breaks are present. As such, we extend the family of PGSS models to
include the state augmented (sa-)PGSS model whose state evolution structure
is flexible and responsive to sudden changes. Such adaptability is achieved
by augmenting the state vector of the PGSS model with an additional state
variable for a time-varying discount factor. We develop an efficient particle-
based estimation procedure that is suitable for sequential analysis, allowing
us to estimate dynamic state variables and static parameters via closed-form
conditional sufficient statistics. We compare the performance of the PGSS
family of models against viable alternatives from the literature and argue that,
especially in the presence of structural breaks, our proposed approach yields
superior sequential model fit and predictive performance while preserving
computational feasibility. We provide additional insights by designing a sim-
ulation study that mimics potential web traffic data patterns.
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Following the introduction of high-resolution player tracking technol-
ogy, a new range of statistical analysis has emerged in sports, specifically in
basketball. However, such high-dimensional data are often challenging for
statistical inference and decision making. In this article we employ a state-of-
the-art Bayesian mixture model that allows the estimation of heterogeneous
intrinsic dimension (ID) within a dataset, and we propose some theoretical
enhancements. Informally, the ID can be seen as an indicator of complexity
and dependence of the data at hand, and it is usually assumed unique. Our
method provides the capacity to reveal valuable insights about the hidden
dynamics of sports interactions in space and time which helps to translate
complex patterns into more coherent statistics. The application of this tech-
nique is illustrated using NBA basketball players’ tracking data, allowing ef-
fective classification and clustering. In movement data the analysis identified
key stages of offensive actions, such as creating space for passing, prepara-
tion/shooting, and following through which are relevant for invasion sports.
We found that the ID value spikes, reaching a peak between four and eight
seconds in the offensive part of the court, after which it declines. In shot charts
we obtained groups of shots that produce substantially higher and lower suc-
cesses. Overall, game-winners tend to have a larger intrinsic dimension, in-
dicative of greater unpredictability and unique shot placements. Similarly, we
found higher ID values in plays when the score margin is smaller rather than
larger. The exploitation of these results can bring clear strategic advantages
in sports games.
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This paper develops new methods for providing instantaneous in-game
win probabilities for the National Rugby League. Besides the score differ-
ential, betting odds, and real-time features extracted from the match event
data are also used as inputs to inform the in-game win probabilities. Rugby
matches evolve continuously in time, and the circumstances change over the
duration of the match. Therefore, the match data are considered as functional
data, and the in-game win probability is a function of the time of the match.
We express the in-game win probability using a conditional probability for-
mulation, the components of which are evaluated from the perspective of
functional data analysis. Specifically, we model the score differential process
and functional feature extracted from the match event data as sums of mean
functions and noises. The mean functions are approximated by B-spline ba-
sis expansions with functional parameters. Since each match is conditional on
a unique kickoff win probability of the home team obtained from the betting
odds (i.e., the functional data are not independent and identically distributed),
we propose a weighted least squares method to estimate the functional pa-
rameters by borrowing the information from matches with similar kickoff
win probabilities. The variance and covariance elements are obtained by the
maximum likelihood estimation method. The proposed method is applicable
to other sports when suitable match event data are available.
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Networks arise in many applications, such as in the analysis of text doc-
uments, social interactions and brain activity. We develop a general frame-
work for extrinsic statistical analysis of samples of networks, motivated by
networks representing text documents in corpus linguistics. We identify net-
works with their graph Laplacian matrices for which we define metrics, em-
beddings, tangent spaces and a projection from Euclidean space to the space
of graph Laplacians. This framework provides a way of computing means,
performing principal component analysis, regression, and carrying out hy-
pothesis tests, such as for testing for equality of means between two samples
of networks. We apply the methodology to the set of novels by Jane Austen
and Charles Dickens.
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MULTIVARIATE MIXED MEMBERSHIP MODELING:
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Characterizing the shared memberships of individuals in a classifica-
tion scheme poses severe interpretability issues, even when using a moder-
ate number of classes (say four). Mixed membership models quantify this
phenomenon, but they typically focus on goodness-of-fit more than on inter-
pretable inference. To achieve a good numerical fit, these models may, in fact,
require many extreme profiles, making the results difficult to interpret. We
introduce a new class of multivariate mixed membership models that, when
variables can be partitioned into subject-matter based domains, can provide
a good fit to the data using fewer profiles than standard formulations. The
proposed model explicitly accounts for the blocks of variables corresponding
to the distinct domains along with a cross-domain correlation structure which
provides new information about shared membership of individuals in a com-
plex classification scheme. We specify a multivariate logistic normal distribu-
tion for the membership vectors which allows easy introduction of auxiliary
information leveraging a latent multivariate logistic regression. A Bayesian
approach to inference, relying on Pólya gamma data augmentation, facilitates
efficient posterior computation via Markov chain Monte Carlo. We apply this
methodology to a spatially explicit study of malaria risk over time on the
Brazilian Amazon frontier.
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ESTIMATING THE EFFECTIVENESS OF PERMANENT PRICE
REDUCTIONS FOR COMPETING PRODUCTS USING MULTIVARIATE

BAYESIAN STRUCTURAL TIME SERIES MODELS
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The Florence branch of an Italian supermarket chain recently imple-
mented a strategy that permanently lowered the price of numerous store
brands in several product categories. To quantify the impact of such a pol-
icy change, researchers often use synthetic control methods for estimating
causal effects when a subset of units receive a single persistent treatment and
the rest are unaffected by the change. In our applications, however, competi-
tor brands not assigned to treatment are likely impacted by the intervention
because of substitution effects; more broadly, this type of interference occurs
whenever the treatment assignment of one unit affects the outcome of another.
This paper extends the synthetic control methods to accommodate partial in-
terference, allowing interference within predefined groups but not between
them. Focusing on a class of causal estimands that capture the effect both on
the treated and control units, we develop a multivariate Bayesian structural
time series model for generating synthetic controls that would have occurred
in the absence of an intervention, enabling us to estimate our novel effects. In
a simulation study we explore our Bayesian procedures’ empirical properties
and show that it achieves good frequentists coverage, even when the model is
misspecified. We use our new methodology to make causal statements about
the impact on sales of the affected store brands and their direct competitors.
Our proposed approach is implemented in the CausalMBSTS R package.
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A key challenge in estimating the infection fatality rate (IFR), along with
its relation with various factors of interest, is determining the total number of
cases. The total number of cases is not known not only because not everyone
is tested but also, more importantly, because tested individuals are not rep-
resentative of the population at large. We refer to the phenomenon whereby
infected individuals are more likely to be tested than noninfected individuals
as “preferential testing.” An open question is whether or not it is possible to
reliably estimate the IFR without any specific knowledge about the degree
to which the data are biased by preferential testing. In this paper we take
a partial identifiability approach, formulating clearly where deliberate prior
assumptions can be made and presenting a Bayesian model which pools in-
formation from different samples. When the model is fit to European data
obtained from seroprevalence studies and national official COVID-19 statis-
tics, we estimate the overall COVID-19 IFR for Europe to be 0.53%, 95%
C.I. = [0.38%,0.70%].

REFERENCES

ANDERSON, R. M., HEESTERBEEK, H., KLINKENBERG, D. and HOLLINGSWORTH, T. D. (2020). How will
country-based mitigation measures influence the course of the COVID-19 epidemic? Lancet 395 931–934.

BENDAVID, E., MULANEY, B., SOOD, N., SHAH, S., LING, E., BROMLEY-DULFANO, R., LAI, C., WEISS-
BERG, Z., SAAVEDRA, R. et al. (2020). COVID-19 antibody seroprevalence in Santa Clara County, California.
medRxiv.

BERGER, J. O. (2013). Statistical Decision Theory and Bayesian Analysis. Springer, Berlin.
BIRRELL, P. J., DE ANGELIS, D. and PRESANIS, A. M. (2018). Evidence synthesis for stochastic epidemic

models. Statist. Sci. 33 34–43. MR3757502 https://doi.org/10.1214/17-STS631
BROOKS, S. P. and GELMAN, A. (1998). General methods for monitoring convergence of iterative simulations.

J. Comput. Graph. Statist. 7 434–455. MR1665662 https://doi.org/10.2307/1390675
CAMPBELL, H., DE JONG, V. M., MAXWELL, L., DEBRAY, T., JAENISCH, T. and GUSTAFSON, P. (2020).

Measurement error in meta-analysis (MEMA)–a Bayesian framework for continuous outcome data. Res. Synth.
Methods. https://doi.org/10.1002/jrsm.1515.

CAMPBELL, H., DE VALPINE, P., MAXWELL, L., DE JONG, V. M., DEBRAY, T. P., JAENISCH, T. and
GUSTAFWSON, P. (2022). Supplement to “Bayesian adjustment for preferential testing in estimating infec-
tion fatality rates, as motivated by the COVID-19 pandemic.” https://doi.org/10.1214/21-AOAS1499SUPP

CARPENTER, B., GELMAN, A., HOFFMAN, M. D., LEE, D., GOODRICH, B., BETANCOURT, M.,
BRUBAKER, M., GUO, J., LI, P. et al. (2017). Stan: A probabilistic programming language. J. Stat. Softw.
76.

Key words and phrases. Selection bias, partial identification, evidence synthesis.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1499
http://www.imstat.org
mailto:harlan.campbell@stat.ubc.ca
mailto:gustaf@stat.ubc.ca
http://www.ams.org/mathscinet-getitem?mr=3757502
https://doi.org/10.1214/17-STS631
http://www.ams.org/mathscinet-getitem?mr=1665662
https://doi.org/10.2307/1390675
https://doi.org/10.1002/jrsm.1515
https://doi.org/10.1214/21-AOAS1499SUPP


COCHRAN, J. J. (2020). Why we need more coronavirus tests than we think. Significance 14–15.
DE ANGELIS, D., PRESANIS, A. M., BIRRELL, P. J., TOMBA, G. S. and HOUSE, T. (2015). Four key challenges

in infectious disease modelling using data from multiple sources. Epidemics 10 83–87.
DE VALPINE, P., TUREK, D., PACIOREK, C. J., ANDERSON-BERGMAN, C., TEMPLE LANG, D. and BODIK, R.

(2017). Programming with models: Writing statistical algorithms for general model structures with NIMBLE.
J. Comput. Graph. Statist. 26 403–413. MR3640196 https://doi.org/10.1080/10618600.2016.1172487

FAUST, J. S. (2020). Comparing COVID-19 deaths to flu deaths is like comparing apples to oranges. Sci. Am..
FOG, A. (2008). Sampling methods for Wallenius’ and Fisher’s noncentral hypergeometric distributions. Comm.

Statist. Simulation Comput. 37 241–257. MR2422884 https://doi.org/10.1080/03610910701790236
GELMAN, A. and CARPENTER, B. (2020). Bayesian analysis of tests with unknown specificity and sensitivity. J.

R. Stat. Soc. Ser. C. Appl. Stat. 69 1269–1283. MR4166866
GELMAN, A., RUBIN, D. B. et al. (1992). Inference from iterative simulation using multiple sequences. Statist.

Sci. 7 457–472.
GREENLAND, S. (2005). Multiple-bias modelling for analysis of observational data. J. Roy. Statist. Soc. Ser. A

168 267–306. MR2119402 https://doi.org/10.1111/j.1467-985X.2004.00349.x
GREWELLE, R. and DE LEO, G. (2020). Estimating the global infection fatality rate of COVID-19. medRxiv.
GUDBJARTSSON, D. F., HELGASON, A., JONSSON, H., MAGNUSSON, O. T., MELSTED, P., NORD-

DAHL, G. L., SAEMUNDSDOTTIR, J., SIGURDSSON, A., SULEM, P. et al. (2020). Spread of SARS-CoV-2 in
the Icelandic population. N. Engl. J. Med.

GUSTAFSON, P. (2010). Bayesian inference for partially identified models. Int. J. Biostat. 6 17. MR2602560
https://doi.org/10.2202/1557-4679.1206

GUSTAFSON, P. and GREENLAND, S. (2009). Interval estimation for messy observational data. Statist. Sci. 24
328–342. MR2757434 https://doi.org/10.1214/09-STS305

HALE, T., WEBSTER, S., PETHERICK, A., PHILLIPS, T. and KIRA, B. (2020). Oxford COVID-
19 government response tracker. Available at https://www.bsg.ox.ac.uk/research/research-projects/
coronavirus-government-response-tracker#data.

HAUSER, A., COUNOTTE, M. J., MARGOSSIAN, C. C., KONSTANTINOUDIS, G., LOW, N., ALTHAUS, C. L.
and RIOU, J. (2020). Estimation of SARS-CoV-2 mortality during the early stages of an epidemic: A modelling
study in Hubei, China and northern Italy. PLoS Med. 17 e1003189.

IOANNIDIS, J. (2020a). The infection fatality rate of COVID-19 inferred from seroprevalence data. (version 2
(June 8, 2020–14:00)). medRxiv.

IOANNIDIS, J. P. (2020b). First Opinion: A fiasco in the making? as the coronavirus pandemic takes hold, we are
making decisions without reliable data. STAT. 2020. Available at https://tinyurl.com/uj539o4.

KOBAYASHI, T., JUNG, S.-M., LINTON, N. M., KINOSHITA, R., HAYASHI, K., MIYAMA, T., ANZAI, A.,
YANG, Y., YUAN, B. et al. (2020). Communicating the risk of death from novel coronavirus disease (COVID-
19). J. Clin. Med. 9. https://doi.org/10.3390/jcm9020580

KRUSCHKE, J. (2014). Doing Bayesian Data Analysis: A Tutorial with R, JAGS, and Stan. Academic Press, San
Diego.

KÜMMERER, M., BERENS, P. and MACKE, J. (2020). A simple Bayesian analysis of the infection fatal-
ity rate in Gangelt, and an uncertainty aware extrapolation to infection-counts in Germany. Available at
https://matthias-k.github.io/BayesianHeinsberg.html.

LAMBERT, P. C., SUTTON, A. J., BURTON, P. R., ABRAMS, K. R. and JONES, D. R. (2005). How vague is
vague? A simulation study of the impact of the use of vague prior distributions in MCMC using WinBUGS.
Stat. Med. 24 2401–2428. MR2151713 https://doi.org/10.1002/sim.2112

LEE, G. (2020). Coronavirus: Why so many people are dying in Belgium. BBC.com. Available at https://www.
bbc.com/news/world-europe-52491210.

LEON, D. A., SHKOLNIKOV, V. M., SMEETH, L., MAGNUS, P., PECHHOLDOVÁ, M. and JARVIS, C. I. (2020).
COVID-19: A need for real-time monitoring of weekly excess deaths. Lancet 395 e81.

LI, S. and HUA, X. (2020). The closer to the Europe Union headquarters, the higher risk of COVID-19? Cautions
regarding ecological studies of COVID-19. medRxiv.

LINTON, N. M., KOBAYASHI, T., YANG, Y., HAYASHI, K., AKHMETZHANOV, A. R., JUNG, S.-M., YUAN, B.,
KINOSHITA, R. and NISHIURA, H. (2020). Incubation period and other epidemiological characteristics of
2019 novel coronavirus infections with right truncation: A statistical analysis of publicly available case data.
J. Clin. Med. 9 538.

LIPSITCH, M. (2020). First Opinion: We know enough now to act decisively against COVID-19. social distancing
is a good place to start. STAT. Available at https://tinyurl.com/yx4gf9mr.

LYONS, N. (1980). Closed expressions for noncentral hypergeometric probabilities. Comm. Statist. Simulation
Comput. 9 313–314.

MANSKI, C. F. (2003). Partial Identification of Probability Distributions. Springer Series in Statistics. Springer,
New York. MR2151380

http://www.ams.org/mathscinet-getitem?mr=3640196
https://doi.org/10.1080/10618600.2016.1172487
http://www.ams.org/mathscinet-getitem?mr=2422884
https://doi.org/10.1080/03610910701790236
http://www.ams.org/mathscinet-getitem?mr=4166866
http://www.ams.org/mathscinet-getitem?mr=2119402
https://doi.org/10.1111/j.1467-985X.2004.00349.x
http://www.ams.org/mathscinet-getitem?mr=2602560
https://doi.org/10.2202/1557-4679.1206
http://www.ams.org/mathscinet-getitem?mr=2757434
https://doi.org/10.1214/09-STS305
https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker#data
https://tinyurl.com/uj539o4
https://doi.org/10.3390/jcm9020580
https://matthias-k.github.io/BayesianHeinsberg.html
http://www.ams.org/mathscinet-getitem?mr=2151713
https://doi.org/10.1002/sim.2112
https://www.bbc.com/news/world-europe-52491210
https://tinyurl.com/yx4gf9mr
http://www.ams.org/mathscinet-getitem?mr=2151380
https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker#data
https://www.bbc.com/news/world-europe-52491210


MEYEROWITZ-KATZ, G. and MERONE, L. (2020). A systematic review and meta-analysis of published research
data on COVID-19 infection-fatality rates (version 4). medRxiv.

MORRIS, T. P., WHITE, I. R. and CROWTHER, M. J. (2019). Using simulation studies to evaluate statistical
methods. Stat. Med. 38 2074–2102. MR3937487 https://doi.org/10.1002/sim.8086

NEIL, M., FENTON, N., OSMAN, M. and MCLACHLAN, S. (2020). Bayesian network analysis of COVID-19
data reveals higher infection prevalence rates and lower fatality rates than widely reported. medRxiv.

O’DRISCOLL, M., DOS SANTOS, G. R., WANG, L., CUMMINGS, D. A., AZMAN, A. S., PAIREAU, J.,
FONTANET, A., CAUCHEMEZ, S. and SALJE, H. (2020). Age-specific mortality and immunity patterns of
SARS-CoV-2. Nature 1–6.

ONDER, G., REZZA, G. and BRUSAFERRO, S. (2020). Case-fatality rate and characteristics of patients dying in
relation to COVID-19 in Italy. JAMA 323 1775–1776. https://doi.org/10.1001/jama.2020.4683

OWID (2020). Codebook for the complete our world in data COVID-19 dataset. Available at https://github.com/
owid/covid-19-data/blob/master/public/data/owid-covid-data-codebook.md.

PASTOR-BARRIUSO, R., PÉREZ-GÓMEZ, B., HERNÁN, M. A., PÉREZ-OLMEDA, M., YOTTI, R., OTEO-
IGLESIAS, J., SANMARTÍN, J. L., LEÓN-GÓMEZ, I., FERNÁNDEZ-GARCÍA, A. et al. (2020). Infection
fatality risk for SARS-CoV-2 in community dwelling population of Spain: Nationwide seroepidemiological
study. BMJ 371.

PEARCE, N. (2000). The ecological fallacy strikes back. J. Epidemiol. Community Health 54 326–327.
PELLIS, L., CAUCHEMEZ, S., FERGUSON, N. M. and FRASER, C. (2020). Systematic selection between age

and household structure for models aimed at emerging epidemic predictions. Nat. Commun. 11 1–11.
POLLÁN, M., PÉREZ-GÓMEZ, B., PASTOR-BARRIUSO, R., OTEO, J., HERNÁN, M. A., PÉREZ-OLMEDA, M.,

SANMARTÍN, J. L., FERNÁNDEZ-GARCÍA, A., CRUZ, I. et al. (2020). Prevalence of SARS-CoV-2 in Spain
(ENE-COVID): A nationwide, population-based seroepidemiological study. Lancet.

PRESANIS, A. M., DE ANGELIS, D., THE NEW YORK CITY SWINE FLU INVESTIGATION TEAM, HAGY, A.,
REED, C., RILEY, S., COOPER, B. S., FINELLI, L. et al. (2009). The severity of pandemic H1N1 influenza
in the United States. PLoS Med. 6.

PROCHASKA, C. and THEODORE, L. (2018). Discrete probability distributions. Introd. Math. Methods Environ.
Eng. Sci. 287.

RINALDI, G. and PARADISI, M. (2020). An empirical estimate of the infection fatality rate of COVID-19 from
the first Italian outbreak. medRxiv.

SAHAI, H. and KHURSHID, A. (1995). Statistics in Epidemiology: Methods, Techniques and Applications. CRC
press, Boca Raton.

SMEDT, T. D., MERRALL, E., MACINA, D., PEREZ-VILAR, S., ANDREWS, N. and BOLLAERTS, K. (2018).
Bias due to differential and non-differential disease- and exposure misclassification in studies of vaccine ef-
fectiveness. PLoS ONE 13 e0199180. https://doi.org/10.1371/journal.pone.0199180

STEVENS, W. L. (1951). Mean and variance of an entry in a contingency table. Biometrika 38 468–470.
MR0047287 https://doi.org/10.1093/biomet/38.3-4.468

STREECK, H., SCHULTE, B., KUEMMERER, B., RICHTER, E., HÖLLER, T., FUHRMANN, C., BARTOK, E.,
DOLSCHEID, R., BERGER, M. et al. (2020). Infection fatality rate of SARS-CoV-2 infection in a German
community with a super-spreading event. Nat. Commun. 11 1–12.

SUTTON, A. J., COOPER, N. J., JONES, D. R., LAMBERT, P. C., THOMPSON, J. R. and ABRAMS, K. R.
(2007). Evidence-based sample size calculations based upon updated meta-analysis. Stat. Med. 26 2479–2500.
MR2364400 https://doi.org/10.1002/sim.2704

THOMPSON, S. G. and HIGGINS, J. P. (2002). How should meta-regression analyses be undertaken and inter-
preted? Stat. Med. 21 1559–1573.

WONG, J. Y., HEATH KELLY, D. K., WU, J. T., LEUNG, G. M. and COWLING, B. J. (2013). Case fatality risk
of influenza A (H1N1pdm09): A systematic review. Epidemiology 24.

WU, J. T., LEUNG, K., BUSHMAN, M., KISHORE, N., NIEHUS, R., DE SALAZAR, P. M., COWLING, B. J.,
LIPSITCH, M. and LEUNG, G. M. (2020). Estimating clinical severity of COVID-19 from the transmission
dynamics in Wuhan, China. Nat. Med. 26 506–510. https://doi.org/10.1038/s41591-020-0822-7

http://www.ams.org/mathscinet-getitem?mr=3937487
https://doi.org/10.1002/sim.8086
https://doi.org/10.1001/jama.2020.4683
https://github.com/owid/covid-19-data/blob/master/public/data/owid-covid-data-codebook.md
https://doi.org/10.1371/journal.pone.0199180
http://www.ams.org/mathscinet-getitem?mr=0047287
https://doi.org/10.1093/biomet/38.3-4.468
http://www.ams.org/mathscinet-getitem?mr=2364400
https://doi.org/10.1002/sim.2704
https://doi.org/10.1038/s41591-020-0822-7
https://github.com/owid/covid-19-data/blob/master/public/data/owid-covid-data-codebook.md


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 460–476
https://doi.org/10.1214/21-AOAS1507
© Institute of Mathematical Statistics, 2022

PREELECTORAL POLLS VARIABILITY: A HIERARCHICAL BAYESIAN
MODEL TO ASSESS THE ROLE OF HOUSE EFFECTS WITH

APPLICATION TO ITALIAN ELECTIONS

BY DOMENICO DE STEFANO1,a, FRANCESCO PAULI2,b AND NICOLA TORELLI2,c

1Department of Political and Social Science, University of Trieste, addestefano@units.it
2Department of Business, Economics, Mathematics, and Statistics, University of Trieste, bfrancesco.pauli@deams.units.it,

cnicola.torelli@deams.units.it

It is widely known that preelectoral polls often suffer from nonsampling
errors that pollsters try to compensate for in final estimates by means of di-
verse ad hoc adjustments, thus leading to well-known house effects. We pro-
pose a Bayesian hierarchical model to investigate the role of house effects on
the total variability of predictions. To illustrate the model, data from preelec-
toral polls in Italy in 2006, 2008 and 2013 are considered. Unlike alternative
techniques or models, our proposal leads: (i) to correctly decompose the dif-
ferent sources of variability; (ii) to recognize the role of house effects; (iii) to
evaluate its dynamics, showing that variability of house effects across poll-
sters diminishes as the date of election approaches; (iv) to investigate the
relationship between house effects and overall prediction errors.
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We propose a framework to detect and model shifts in a time series of
continuous proportions, that is, a vector of proportions measuring the parts
of a whole. By reparameterizing the shape of a Dirichlet distribution, we can
model the location and scale separately through generalized linear models. A
hidden Markov model allows the coefficients of the generalized linear models
to change, thus allowing for the time series to undergo multiple regimes. This
framework allows a practitioner to adequately model seasonality, trends, or
include covariate information as well as detect change points. The model’s
behavior is studied via simulation and through the analysis of lake phyto-
plankton data from 1992 through 2012. Our analyses demonstrate that the
model can be effective in detecting and modeling changes in a time series
of proportions. Pertaining to the phytoplankton data, the overall biomass has
grown with some changes to the community level dynamics occurring circa
2000. Specifically, the proportion of cyanobacteria appears to have increased
to the detriment of diatoms.
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Family history is a major risk factor for many types of cancer. Mendelian
risk prediction models translate family histories into cancer risk predictions,
based on knowledge of cancer susceptibility genes. These models are widely
used in clinical practice to help identify high-risk individuals. Mendelian
models leverage the entire family history, but they rely on many assumptions
about cancer susceptibility genes that are either unrealistic or challenging to
validate, due to low mutation prevalence. Training more flexible models, such
as neural networks, on large databases of pedigrees can potentially lead to ac-
curacy gains. In this paper we develop a framework to apply neural networks
to family history data and investigate their ability to learn inherited suscepti-
bility to cancer. While there is an extensive literature on neural networks and
their state-of-the-art performance in many tasks, there is little work apply-
ing them to family history data. We propose adaptations of fully-connected
neural networks and convolutional neural networks to pedigrees. In data sim-
ulated under Mendelian inheritance, we demonstrate that our proposed neural
network models are able to achieve nearly optimal prediction performance.
Moreover, when the observed family history includes misreported cancer di-
agnoses, neural networks are able to outperform the Mendelian BRCAPRO
model embedding the correct inheritance laws. Using a large dataset of over
200,000 family histories, the Risk Service cohort, we train prediction models
for future risk of breast cancer. We validate the models using data from the
Cancer Genetics Network.

REFERENCES

AMUNDADOTTIR, L. T., THORVALDSSON, S., GUDBJARTSSON, D. F., SULEM, P., KRISTJANSSON, K., AR-
NASON, S., GULCHER, J. R., BJORNSSON, J., KONG, A. et al. (2004). Cancer as a complex phenotype:
Pattern of cancer distribution within and beyond the nuclear family. PLoS Med. 1 e65.

ANTON-CULVER, H., ZIOGAS, A., BOWEN, D., FINKELSTEIN, D., GRIFFIN, C., HANSON, J., ISAACS, C.,
KASTEN-SPORTES, C., MINEAU, G. et al. (2003). The cancer genetics network: Recruitment results and
pilot studies. Publ. Health Genomics 6 171–177.

ANTONIOU, A. C., PHAROAH, P. D. P., MCMULLAN, G., DAY, N. E., STRATTON, M. R., PETO, J., PON-
DER, B. J. and EASTON, D. F. (2002). A comprehensive model for familial breast cancer incorporating
BRCA1, BRCA2 and other genes. Br. J. Cancer 86 76–83. https://doi.org/10.1038/sj.bjc.6600008

ANTONIOU, A. C., PHAROAH, P. P. D., SMITH, P. and EASTON, D. F. (2004). The BOADICEA model of
genetic susceptibility to breast and ovarian cancer. Br. J. Cancer 91 1580.

BALMAÑA, J., STOCKWELL, D. H., STEYERBERG, E. W., STOFFEL, E. M., DEFFENBAUGH, A. M.,
REID, J. E., WARD, B., SCHOLL, T., HENDRICKSON, B. et al. (2006). Prediction of MLH1 and MSH2
mutations in Lynch syndrome. JAMA 296 1469–1478.

BANEGAS, M. P., JOHN, E. M., SLATTERY, M. L., GOMEZ, S. L., YU, M., LACROIX, A. Z., PEE, D., CHLE-
BOWSKI, R. T., HINES, L. M. et al. (2017). Projecting individualized absolute invasive breast cancer risk in
US Hispanic women. J. Natl. Cancer Inst. 109 djw215.

BERGSTRA, J. and BENGIO, Y. (2012). Random search for hyper-parameter optimization. J. Mach. Learn. Res.
13 281–305. MR2913701

Key words and phrases. Machine learning, Mendelian risk prediction, family history.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1510
http://www.imstat.org
mailto:guanz@mskcc.org
mailto:gp@jimmy.harvard.edu
mailto:ltrippa@ds.dfci.harvard.edu
mailto:dbraun@mail.harvard.edu
https://doi.org/10.1038/sj.bjc.6600008
http://www.ams.org/mathscinet-getitem?mr=2913701


BERNAU, C., RIESTER, M., BOULESTEIX, A.-L., PARMIGIANI, G., HUTTENHOWER, C., WALDRON, L. and
TRIPPA, L. (2014). Cross-study validation for the assessment of prediction algorithms. Bioinformatics 30
i105–i112.

BERRY, D. A., PARMIGIANI, G., SANCHEZ, J., SCHILDKRAUT, J. and WINER, E. (1997). Probability of carry-
ing a mutation of breast-ovarian cancer gene BRCA1 based on family history. J. Natl. Cancer Inst. 89 227–237.

BERRY, D. A., IVERSEN JR., E. S., GUDBJARTSSON, D. F., HILLER, E. H., GARBER, J. E., PESHKIN, B. N.,
LERMAN, C., WATSON, P., LYNCH, H. T. et al. (2002). BRCAPRO validation, sensitivity of genetic testing
of BRCA1/BRCA2, and prevalence of other breast cancer susceptibility genes. J. Clin. Oncol. 20 2701–2712.

BISHOP, C. M. (1995). Neural Networks for Pattern Recognition. Oxford Univ. Press, New York. MR1385195
BISWAS, S., ATIENZA, P., CHIPMAN, J., HUGHES, K., BARRERA, A. M. G., AMOS, C. I., ARUN, B. and

PARMIGIANI, G. (2013). Simplifying clinical use of the genetic risk prediction model BRCAPRO. Breast
Cancer Res. Treat. 139 571–579.

BRAUN, D., GORFINE, M., KATKI, H. A., ZIOGAS, A., ANTON-CULVER, H. and PARMIGIANI, G. (2014).
Extending Mendelian risk prediction models to handle misreported family history.

BRAUN, D., GORFINE, M., KATKI, H. A., ZIOGAS, A. and PARMIGIANI, G. (2018). Nonparametric adjustment
for measurement error in time-to-event data: Application to risk prediction models. J. Amer. Statist. Assoc. 113
14–25. MR3803436 https://doi.org/10.1080/01621459.2017.1311261

BRENTNALL, A. R., COHN, W. F., KNAUS, W. A., YAFFE, M. J., CUZICK, J. and HARVEY, J. A. (2019).
A case-control study to add volumetric or clinical mammographic density into the Tyrer–Cuzick breast cancer
risk model. J. Breast Imaging 1 99–106.

CANNON-ALBRIGHT, L. A., CARR, S. R. and AKERLEY, W. (2019). Population-based relative risks for lung
cancer based on complete family history of lung cancer. J. Thorac. Oncol. 14 1184–1191. https://doi.org/10.
1016/j.jtho.2019.04.019

CARAYOL, J. and BONAÏTI-PELLIÉ, C. (2004). Estimating penetrance from family data using a retrospective
likelihood when ascertainment depends on genotype and age of onset. Genet. Epidemiol. 27 109–117.

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

CASTALDI, P. J., DAHABREH, I. J. and IOANNIDIS, J. P. A. (2011). An empirical assessment of validation
practices for molecular classifiers. Brief. Bioinform. 12 189–202. https://doi.org/10.1093/bib/bbq073

CHEN, S. and PARMIGIANI, G. (2007). Meta-analysis of BRCA1 and BRCA2 penetrance. J. Clin. Oncol. 25
1329.

CHEN, S., WANG, W., BROMAN, K. W., KATKI, H. A. and PARMIGIANI, G. (2004). BayesMendel: An
R environment for Mendelian risk prediction. Stat. Appl. Genet. Mol. Biol. 3 Art. 21, 21. MR2101490
https://doi.org/10.2202/1544-6115.1063

CHEN, S., WANG, W., LEE, S., NAFA, K., LEE, J., ROMANS, K., WATSON, P., GRUBER, S. B., EUHUS, D.
et al. (2006). Prediction of germline mutations and cancer risk in the Lynch syndrome. JAMA J. Am. Med.
Assoc. 296 1479.

CHEN, J., BAE, E., ZHANG, L., HUGHES, K., PARMIGIANI, G., BRAUN, D. and REBBECK, T. R. (2020).
Penetrance of breast and ovarian cancer in women who carry a BRCA1/2 mutation and do not use risk-reducing
salpingo-oophorectomy: An updated meta-analysis. JNCI Cancer Spectr. 4 pkaa029. https://doi.org/10.1093/
jncics/pkaa029

CHIPMAN, J., DROHAN, B., BLACKFORD, A., PARMIGIANI, G., HUGHES, K. and BOSINOFF, P. (2013). Pro-
viding access to risk prediction tools via the HL7 XML-formatted risk web service. Breast Cancer Res. Treat.
140 187–193.

CHOI, J., DEKKERS, O. M. and LE CESSIE, S. (2019). A comparison of different methods to handle miss-
ing data in the context of propensity score analysis. Eur. J. Epidemiol. 34 23–36. https://doi.org/10.1007/
s10654-018-0447-z

CHOI, Y.-H., KOPCIUK, K. A. and BRIOLLAIS, L. (2008). Estimating disease risk associated with mutated
genes in family-based designs. Hum. Hered. 66 238–251.

CHOUDHURY, P. P., MAAS, P., WILCOX, A., WHEELER, W., BROOK, M., CHECK, D., GARCIA-CLOSAS, M.
and CHATTERJEE, N. (2020a). iCARE: An R package to build, validate and apply absolute risk models. PLoS
ONE 15 e0228198.

CHOUDHURY, P. P., WILCOX, A. N., BROOK, M. N., ZHANG, Y., AHEARN, T., ORR, N., COULSON, P.,
SCHOEMAKER, M. J., JONES, M. E. et al. (2020b). Comparative validation of breast cancer risk prediction
models and projections for future risk stratification. J. Natl. Cancer Inst. 112 278–285.

CLAUS, E. B., RISCH, N. and THOMPSON, W. D. (1994). Autosomal dominant inheritance of early-onset breast
cancer. Implications for risk prediction. Cancer 73 643–651.

CLEVERT, D.-A., UNTERTHINER, T. and HOCHREITER, S. (2015). Fast and accurate deep network learning by
exponential linear units (ELUs). Preprint. Available at arXiv:1511.07289.

http://www.ams.org/mathscinet-getitem?mr=1385195
http://www.ams.org/mathscinet-getitem?mr=3803436
https://doi.org/10.1080/01621459.2017.1311261
https://doi.org/10.1016/j.jtho.2019.04.019
http://www.ams.org/mathscinet-getitem?mr=2243417
https://doi.org/10.1201/9781420010138
https://doi.org/10.1093/bib/bbq073
http://www.ams.org/mathscinet-getitem?mr=2101490
https://doi.org/10.2202/1544-6115.1063
https://doi.org/10.1093/jncics/pkaa029
https://doi.org/10.1007/s10654-018-0447-z
http://arxiv.org/abs/arXiv:1511.07289
https://doi.org/10.1016/j.jtho.2019.04.019
https://doi.org/10.1093/jncics/pkaa029
https://doi.org/10.1007/s10654-018-0447-z


CYBENKO, G. (1989). Approximation by superpositions of a sigmoidal function. Math. Control Signals Systems
2 303–314. MR1015670 https://doi.org/10.1007/BF02551274

DONG, C. and HEMMINKI, K. (2001). Modification of cancer risks in offspring by sibling and parental cancers
from 2,112,616 nuclear families. Int. J. Cancer 92 144–150.

DONG, Y., SU, H., ZHU, J. and BAO, F. (2017). Towards interpretable deep neural networks by leveraging
adversarial examples. Preprint. Available at arXiv:1708.05493.

EASTON, D. F. (1999). How many more breast cancer predisposition genes are there? Breast Cancer Res. 1 14.
EASTON, D. F., FORD, D. and BISHOP, D. T. (1995). Breast and ovarian cancer incidence in BRCA1-mutation

carriers. Breast Cancer Linkage Consortium. Am. J. Hum. Genet. 56 265–271.
ELSTON, R. C. and STEWART, J. (1971). A general model for the genetic analysis of pedigree data. Hum. Hered.

21 523–542.
EUHUS, D. M., SMITH, K. C., ROBINSON, L., STUCKY, A., OLOPADE, O. I., CUMMINGS, S., GARBER, J. E.,

CHITTENDEN, A., MILLS, G. B. et al. (2002). Pretest prediction of BRCA1 or BRCA2 mutation by risk
counselors and the computer model BRCAPRO. J. Natl. Cancer Inst. 94 844–851.

FAN, F., XIONG, J. and WANG, G. (2020). On interpretability of artificial neural networks. Available at https:
//arxiv.org/abs/2001.02522.

GAIL, M. H., BRINTON, L. A., BYAR, D. P., CORLE, D. K., GREEN, S. B., SCHAIRER, C. and MULVI-
HILL, J. J. (1989). Projecting individualized probabilities of developing breast cancer for white females who
are being examined annually. J. Natl. Cancer Inst. 81 1879–1886.

GAIL, M. H., COSTANTINO, J. P., PEE, D., BONDY, M., NEWMAN, L., SELVAN, M., ANDERSON, G. L.,
MALONE, K. E., MARCHBANKS, P. A. et al. (2007). Projecting individualized absolute invasive breast cancer
risk in African American women. J. Natl. Cancer Inst. 99 1782–1792.

GARCÍA-LAENCINA, P. J., SANCHO-GÓMEZ, J. and FIGUEIRAS-VIDAL, A. R. (2010). Pattern classification
with missing data: A review. Neural Comput. Appl. 19 263–282.

GEMAN, S., BIENENSTOCK, E. and DOURSAT, R. (1992). Neural networks and the bias/variance dilemma.
Neural Comput. 4 1–58.

GERDS, T. A. and SCHUMACHER, M. (2006). Consistent estimation of the expected Brier score in general
survival models with right-censored event times. Biom. J. 48 1029–1040. MR2312613 https://doi.org/10.1002/
bimj.200610301

GINSBURG, G. S., WU, R. R. and ORLANDO, L. A. (2019). Family health history: Underused for actionable
risk assessment. Lancet 394 596–603.

GUAN, Z., PARMIGIANI, G., BRAUN, D. and TRIPPA, L. (2022a). Supplement to “Prediction of hereditary
cancers using neural networks.” https://doi.org/10.1214/21-AOAS1510SUPPA

GUAN, Z., PARMIGIANI, G., BRAUN, D. and TRIPPA, L. (2022b). Supplement to “Prediction of hereditary
cancers using neural networks.” https://doi.org/10.1214/21-AOAS1510SUPPB

HAMPSHIRE II, J. B. and PEARLMUTTER, B. (1991). Equivalence proofs for multi-layer perceptron classifiers
and the Bayesian discriminant function. In Connectionist Models 159–172. Elsevier, Amsterdam.

HECHTLINGER, Y., CHAKRAVARTI, P. and QIN, J. (2017). A generalization of convolutional neural networks to
graph-structured data. Preprint. Available at arXiv:1704.08165.

HINTON, G., DENG, L., YU, D., DAHL, G. E., MOHAMED, A., JAITLY, N., SENIOR, A., VANHOUCKE, V.,
NGUYEN, P. et al. (2012). Deep neural networks for acoustic modeling in speech recognition: The shared
views of four research groups. IEEE Signal Process. Mag. 29 82–97.

HORNER, M. J., RIES, L. A. G., KRAPCHO, M., NEYMAN, N., AMINOU, R., HOWLADER, N., AL-
TEKRUSE, S. F., FEUER, E. J., HUANG, L. et al. (2009). SEER cancer statistics review, 1975–2006. National
Cancer Institute, Bethesda, MD.

HORNIK, K. (1991). Approximation capabilities of multilayer feedforward networks. Neural Netw. 4 251–257.
IVERSEN, E. S. JR. and CHEN, S. (2005). Population-calibrated gene characterization: Estimating age

at onset distributions associated with cancer genes. J. Amer. Statist. Assoc. 100 399–409. MR2170463
https://doi.org/10.1198/016214505000000196

JANOCHA, K. and CZARNECKI, W. M. (2017). On loss functions for deep neural networks in classification.
Preprint. Available at arXiv:1702.05659.

JANSSEN, K. J. M., MOONS, K. G. M., KALKMAN, C. J., GROBBEE, D. E. and VERGOUWE, Y. (2008).
Updating methods improved the performance of a clinical prediction model in new patients. J. Clin. Epidemiol.
61 76–86. https://doi.org/10.1016/j.jclinepi.2007.04.018

JOHN, E. M., HOPPER, J. L., BECK, J. C., KNIGHT, J. A., NEUHAUSEN, S. L., SENIE, R. T., ZIOGAS, A.,
ANDRULIS, I. L., ANTON-CULVER, H. et al. (2004). The Breast Cancer Family Registry: An infrastructure
for cooperative multinational, interdisciplinary and translational studies of the genetic epidemiology of breast
cancer. Breast Cancer Res. 6 R375.

KATKI, H. A. (2006). Effect of misreported family history on Mendelian mutation prediction models. Biometrics
62 478–487. MR2236830 https://doi.org/10.1111/j.1541-0420.2005.00488.x

http://www.ams.org/mathscinet-getitem?mr=1015670
https://doi.org/10.1007/BF02551274
http://arxiv.org/abs/arXiv:1708.05493
https://arxiv.org/abs/2001.02522
http://www.ams.org/mathscinet-getitem?mr=2312613
https://doi.org/10.1002/bimj.200610301
https://doi.org/10.1214/21-AOAS1510SUPPA
https://doi.org/10.1214/21-AOAS1510SUPPB
http://arxiv.org/abs/arXiv:1704.08165
http://www.ams.org/mathscinet-getitem?mr=2170463
https://doi.org/10.1198/016214505000000196
http://arxiv.org/abs/arXiv:1702.05659
https://doi.org/10.1016/j.jclinepi.2007.04.018
http://www.ams.org/mathscinet-getitem?mr=2236830
https://doi.org/10.1111/j.1541-0420.2005.00488.x
https://arxiv.org/abs/2001.02522
https://doi.org/10.1002/bimj.200610301


KIEFER, J. and WOLFOWITZ, J. (1952). Stochastic estimation of the maximum of a regression function. Ann.
Math. Stat. 23 462–466. MR0050243 https://doi.org/10.1214/aoms/1177729392

KINGMA, D. P. and BA, J. (2014). Adam: A method for stochastic optimization. Preprint. Available at
arXiv:1412.6980.

KOKUER, M., NAGUIB, R. N., JANCOVIC, P., YOUNGHUSBAND, H. B. and GREEN, R. (2006). A compari-
son of multi-layer neural network and logistic regression in hereditary non-polyposis colorectal cancer risk
assessment. In 2005 IEEE Engineering in Medicine and Biology 27th Annual Conference 2417–2420. IEEE.

KRAFT, P. and THOMAS, D. C. (2000). Bias and efficiency in family-based gene-characterization studies: Con-
ditional, prospective, retrospective, and joint likelihoods. Am. J. Hum. Genet. 66 1119–1131.

KRIZHEVSKY, A., SUTSKEVER, I. and HINTON, G. E. (2012). Imagenet classification with deep convolutional
neural networks. In Advances in Neural Information Processing Systems 1097–1105.

LE BIHAN, C., MOUTOU, C., BRUGIÈRES, L., FEUNTEUN, J. and BONAÏTI-PELLIÉ, C. (1995). ARCAD:
A method for estimating age-dependent disease risk associated with mutation carrier status from family data.
Genet. Epidemiol. 12 13–25.

LECUN, Y., BOTTOU, L., BENGIO, Y., HAFFNER, P. et al. (1998). Gradient-based learning applied to document
recognition. Proc. IEEE 86 2278–2324.

LESHNO, M., LIN, V. Y., PINKUS, A. and SCHOCKEN, S. (1993). Multilayer feedforward networks with a
nonpolynomial activation function can approximate any function. Neural Netw. 6 861–867.

LI, Y., ZHANG, T., LIU, Z. and HU, H. (2017). A concatenating framework of shortcut convolutional neural
networks. Preprint. Available at arXiv:1710.00974.

LI, O., LIU, H., CHEN, C. and RUDIN, C. (2018). Deep learning for case-based reasoning through prototypes:
A neural network that explains its predictions. In Proceedings of the AAAI Conference on Artificial Intelligence
32. 1.

LITTLE, R. J. and RUBIN, D. B. (2019). Statistical Analysis with Missing Data 793. Wiley, New York.
MANDEL, J. C., KREDA, D. A., MANDL, K. D., KOHANE, I. S. and RAMONI, R. B. (2016). SMART on FHIR:

A standards-based, interoperable apps platform for electronic health records. J. Am. Med. Inform. Assoc. 23
899–908. https://doi.org/10.1093/jamia/ocv189

MATSUNO, R. K., COSTANTINO, J. P., ZIEGLER, R. G., ANDERSON, G. L., LI, H., PEE, D. and GAIL, M. H.
(2011). Projecting individualized absolute invasive breast cancer risk in Asian and Pacific Islander American
women. J. Natl. Cancer Inst. 103 951–961.

MCCARTHY, A. M., GUAN, Z., WELCH, M., GRIFFIN, M. E., SIPPO, D. A., DENG, Z., COOPEY, S. B.,
ACAR, A., SEMINE, A. et al. (2019). Performance of breast cancer risk assessment models in a large mam-
mography cohort. J. Natl. Cancer Inst.

MIKI, Y., SWENSEN, J., SHATTUCK-EIDENS, D., FUTREAL, P. A., HARSHMAN, K., TAVTIGIAN, S., LIU, Q.,
COCHRAN, C., BENNETT, L. M. et al. (1994). A strong candidate for the breast and ovarian cancer suscepti-
bility gene BRCA1. Science 66–71.

NEWCOMB, P. A., BARON, J., COTTERCHIO, M., GALLINGER, S., GROVE, J., HAILE, R., HALL, D., HOP-
PER, J. L., JASS, J. et al. (2007). Colon Cancer Family Registry: An international resource for studies of the
genetic epidemiology of colon cancer. Cancer Epidemiol. Biomark. Prev. 16 2331–2343.

NIELSEN, M. A. (2015). Neural Networks and Deep Learning 25. Determination Press, San Francisco, CA.
NIEPERT, M., AHMED, M. and KUTZKOV, K. (2016). Learning convolutional neural networks for graphs. In

International Conference on Machine Learning 2014–2023.
OH, K.-S. and JUNG, K. (2004). GPU implementation of neural networks. Pattern Recognit. 37 1311–1314.
COLLABORATIVE GROUP ON HORMONAL FACTORS IN BREAST CANCER (2001). Familial breast cancer: Col-

laborative reanalysis of individual data from 52 epidemiological studies including 58 209 women with breast
cancer and 101 986 women without the disease. Lancet 358 1389–1399.

PARMIGIANI, G., BERRY, D. A. and AGUILAR, O. (1998). Determining carrier probabilities for breast cancer-
susceptibility genes BRCA1 and BRCA2. Am. J. Hum. Genet. 62 145–158.

PATRO, S. and SAHU, K. K. (2015). Normalization: A preprocessing stage. Preprint. Available at
arXiv:1503.06462.

PETERSEN, G. M., DE ANDRADE, M., GOGGINS, M., HRUBAN, R. H., BONDY, M., KORCZAK, J. F.,
GALLINGER, S., LYNCH, H. T., SYNGAL, S. et al. (2006). Pancreatic cancer genetic epidemiology con-
sortium. Cancer Epidemiol. Biomark. Prev. 15 704–710.

PICHERT, G., BOLLIGER, B., BUSER, K., PAGANI, O. and SWISS INSTITUTE FOR APPLIED CANCER RE-
SEARCH NETWORK FOR CANCER PREDISPOSITION TESTING (2003). Evidence-based management op-
tions for women at increased breast/ovarian cancer risk. Ann. Oncol. 14 9–19. https://doi.org/10.1093/annonc/
mdg030

PORTNOI, T., YALA, A., SCHUSTER, T., BARZILAY, R., DONTCHOS, B., LAMB, L. and LEHMAN, C. (2019).
Deep learning model to assess cancer risk on the basis of a breast MR image alone. Am. J. Roentgenol. 213
227–233. https://doi.org/10.2214/AJR.18.20813

http://www.ams.org/mathscinet-getitem?mr=0050243
https://doi.org/10.1214/aoms/1177729392
http://arxiv.org/abs/arXiv:1412.6980
http://arxiv.org/abs/arXiv:1710.00974
https://doi.org/10.1093/jamia/ocv189
http://arxiv.org/abs/arXiv:1503.06462
https://doi.org/10.1093/annonc/mdg030
https://doi.org/10.2214/AJR.18.20813
https://doi.org/10.1093/annonc/mdg030


QUANTE, A. S., WHITTEMORE, A. S., SHRIVER, T., STRAUCH, K. and TERRY, M. B. (2012). Breast cancer
risk assessment across the risk continuum: Genetic and nongenetic risk factors contributing to differential
model performance. Breast Cancer Res. 14 R144. https://doi.org/10.1186/bcr3352

RIBEIRO, M. T., SINGH, S. and GUESTRIN, C. (2016). “Why should I trust you?” Explaining the predictions of
any classifier. In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining 1135–1144.

SHRIKUMAR, A., GREENSIDE, P. and KUNDAJE, A. (2017). Learning important features through propagating
activation differences. In International Conference on Machine Learning 3145–3153. PMLR.

SRIVASTAVA, N., HINTON, G., KRIZHEVSKY, A., SUTSKEVER, I. and SALAKHUTDINOV, R. (2014). Dropout:
A simple way to prevent neural networks from overfitting. J. Mach. Learn. Res. 15 1929–1958. MR3231592

STEFANSDOTTIR, V., JOHANNSSON, O. T., SKIRTON, H., TRYGGVADOTTIR, L., TULINIUS, H. and JONS-
SON, J. J. (2013). The use of genealogy databases for risk assessment in genetic health service: A systematic
review. J. Community Genet. 4 1–7. https://doi.org/10.1007/s12687-012-0103-3

STEFANSDOTTIR, V., SKIRTON, H., JOHANNSSON, O. T., OLAFSDOTTIR, H., OLAFSDOTTIR, G. H., TRYG-
GVADOTTIR, L. and JONSSON, J. J. (2019). Electronically ascertained extended pedigrees in breast cancer
genetic counseling. Fam. Cancer 18 153–160. https://doi.org/10.1007/s10689-018-0105-3

STEYERBERG, E. W., VICKERS, A. J., COOK, N. R., GERDS, T., GONEN, M., OBUCHOWSKI, N.,
PENCINA, M. J. and KATTAN, M. W. (2010). Assessing the performance of prediction models: A frame-
work for some traditional and novel measures. Epidemiology 21 128.

SUGIYAMA, M., KRAULEDAT, M. and MÜLLER, K.-R. (2007). Covariate shift adaptation by importance
weighted cross validation. J. Mach. Learn. Res. 8.

SWERDLOW, A. J., JONES, M. E., SCHOEMAKER, M. J., HEMMING, J., THOMAS, D., WILLIAMSON, J. and
ASHWORTH, A. (2011). The breakthrough generations study: Design of a long-term UK cohort study to
investigate breast cancer aetiology. Br. J. Cancer 105 911–917.

TEAM, T. T. D., AL-RFOU, R., ALAIN, G., ALMAHAIRI, A., ANGERMUELLER, C., BAHDANAU, D., BAL-
LAS, N., BASTIEN, F., BAYER, J. et al. (2016). Theano: A Python framework for fast computation of mathe-
matical expressions. Preprint. Available at arXiv:1605.02688.

TEERLINK, C. C., ALBRIGHT, F. S., LINS, L. and CANNON-ALBRIGHT, L. A. (2012). A comprehensive survey
of cancer risks in extended families. Genet. Med. 14 107–114.

TERRY, M. B., LIAO, Y., WHITTEMORE, A. S., LEOCE, N., BUCHSBAUM, R., ZEINOMAR, N., DITE, G. S.,
CHUNG, W. K., KNIGHT, J. A. et al. (2019). 10-year performance of four models of breast cancer risk:
A validation study. Lancet Oncol. 20 504–517.

TICE, J. A., CUMMINGS, S. R., SMITH-BINDMAN, R., ICHIKAWA, L., BARLOW, W. E. and KER-
LIKOWSKE, K. (2008). Using clinical factors and mammographic breast density to estimate breast cancer
risk: Development and validation of a new predictive model. Ann. Intern. Med. 148 337–347.

TRIPPA, L., WALDRON, L., HUTTENHOWER, C. and PARMIGIANI, G. (2015). Bayesian nonparametric cross-
study validation of prediction methods. Ann. Appl. Stat. 9 402–428. MR3341121 https://doi.org/10.1214/
14-AOAS798

TYRER, J., DUFFY, S. W. and CUZICK, J. (2004). A breast cancer prediction model incorporating familial and
personal risk factors. Stat. Med. 23 1111–1130.

UNO, H., CAI, T., TIAN, L. and WEI, L. J. (2007). Evaluating prediction rules for t-year survivors with
censored regression models. J. Amer. Statist. Assoc. 102 527–537. MR2370850 https://doi.org/10.1198/
016214507000000149

WANG, W., CHEN, S., BRUNE, K. A., HRUBAN, R. H., PARMIGIANI, G. and KLEIN, A. P. (2007). PancPRO:
Risk assessment for individuals with a family history of pancreatic cancer. J. Clin. Oncol. 25 1417–1422.

WANG, W., NIENDORF, K. B., PATEL, D., BLACKFORD, A., MARRONI, F., SOBER, A. J., PARMIGIANI, G.
and TSAO, H. (2010). Estimating CDKN2A carrier probability and personalizing cancer risk assessments in
hereditary melanoma using MelaPRO. Cancer Res. 70 552–559.

WELCH, B. M., WILEY, K., PFLIEGER, L., ACHIANGIA, R., BAKER, K., HUGHES-HALBERT, C., MORRI-
SON, H., SCHIFFMAN, J. and DOERR, M. (2018). Review and comparison of electronic patient-facing family
health history tools. J. Genet. Couns. 27 381–391. https://doi.org/10.1007/s10897-018-0235-7

WOOSTER, R., BIGNELL, G., LANCASTER, J., SWIFT, S., SEAL, S., MANGION, J., COLLINS, N., GRE-
GORY, S., GUMBS, C. et al. (1995). Identification of the breast cancer susceptibility gene BRCA2. Nature
378 789–792.

WU, Z., PAN, S., CHEN, F., LONG, G., ZHANG, C. and YU, P. S. (2021). A comprehensive survey on graph
neural networks. IEEE Trans. Neural Netw. Learn. Syst. 32 4–24. MR4205495

YALA, A., LEHMAN, C., SCHUSTER, T., PORTNOI, T. and BARZILAY, R. (2019). A deep learn-
ing mammography-based model for improved breast cancer risk prediction. Radiology 292 60–66.
https://doi.org/10.1148/radiol.2019182716

https://doi.org/10.1186/bcr3352
http://www.ams.org/mathscinet-getitem?mr=3231592
https://doi.org/10.1007/s12687-012-0103-3
https://doi.org/10.1007/s10689-018-0105-3
http://arxiv.org/abs/arXiv:1605.02688
http://www.ams.org/mathscinet-getitem?mr=3341121
https://doi.org/10.1214/14-AOAS798
http://www.ams.org/mathscinet-getitem?mr=2370850
https://doi.org/10.1198/016214507000000149
https://doi.org/10.1007/s10897-018-0235-7
http://www.ams.org/mathscinet-getitem?mr=4205495
https://doi.org/10.1148/radiol.2019182716
https://doi.org/10.1214/14-AOAS798
https://doi.org/10.1198/016214507000000149


YU, B. (2013). Stability. Bernoulli 19 1484–1500. MR3102560 https://doi.org/10.3150/13-BEJSP14
ZHANG, Q., NIAN WU, Y. and ZHU, S.-C. (2018). Interpretable convolutional neural networks. In Proceedings

of the IEEE Conference on Computer Vision and Pattern Recognition 8827–8836.
ZHANG, K., SCHÖLKOPF, B., MUANDET, K. and WANG, Z. (2013). Domain adaptation under target and condi-

tional shift. In International Conference on Machine Learning 819–827. PMLR.
ZIOGAS, A. and ANTON-CULVER, H. (2003). Validation of family history data in cancer family registries. Am.

J. Prev. Med. 24 190–198.

http://www.ams.org/mathscinet-getitem?mr=3102560
https://doi.org/10.3150/13-BEJSP14


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 521–536
https://doi.org/10.1214/21-AOAS1511
© Institute of Mathematical Statistics, 2022

IDENTIFYING INTERGENERATIONAL PATTERNS OF CORRELATED
METHYLATION SITES

BY XICHEN MOU1,a, HONGMEI ZHANG1,b AND S. HASAN ARSHAD2,3,c

1Division of Epidemiology, Biostatistics, and Environmental Health, School of Public Health, University of Memphis,
axmou@memphis.edu, bhzhang6@memphis.edu

2Allergy and Clinical Immunology, University of Southampton, cs.h.arshad@soton.ac.uk
3The David Hide Asthma and Allergy Research Centre, Isle of Wight

DNA methylation can be transmitted through generations. This paper
proposes a clustering method to identify the intergenerational patterns from
parents to their offspring. Motivated by the potential of correlation between
DNA methylation sites, we use the multivariate generalized beta distribution
to model the blockwise correlation structure among the sites. A stochastic
EM algorithm is implemented to estimate the parameters, and BIC is applied
to determine the optimal number of clusters. Simulations demonstrate the
feasibility of the proposed method. We further applied the approach to cluster
DNA methylation data generated from a cohort study on asthma and allergic
conditions.
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Research in functional regression has made great strides in expanding
to non-Gaussian functional outcomes, but exploration of ordinal functional
outcomes remains limited. Motivated by a study of computer-use behavior
in rhesus macaques (Macaca mulatta), we introduce the ordinal probit func-
tional outcome regression model (OPFOR). OPFOR models can be fit us-
ing one of several basis functions including penalized B-splines, wavelets,
and O’Sullivan splines—the last of which typically performs best. Simula-
tion using a variety of underlying covariance patterns shows that the model
performs reasonably well in estimation under multiple basis functions with
near nominal coverage for joint credible intervals. Finally, in application we
use Bayesian model selection criteria adapted to functional outcome regres-
sion to best characterize the relation between several demographic factors of
interest and the monkeys’ computer use over the course of a year. In com-
parison with a standard ordinal longitudinal analysis, OPFOR outperforms
a cumulative-link mixed-effects model in simulation and provides additional
and more nuanced information on the nature of the monkeys’ computer-use
behavior.

REFERENCES

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

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

CHEN, Y., GOLDSMITH, J. and OGDEN, R. T. (2016). Variable selection in function-on-scalar regression. Stat 5
88–101. MR3478799 https://doi.org/10.1002/sta4.106

CHRISTENSEN, R. H. B. (2019). ordinal—Regression Models for Ordinal Data. R package version 2019.4-25.
http://www.cran.r-project.org/package=ordinal/.

DE WAAL, D. J. (2014). Matrix-valued distributions. In Wiley StatsRef: Statistics Reference Online (N. Bal-
akrishnan, T. Colton, B. Everitt, W. Piegorsch, F. Ruggeri and J. L. Teugels, eds.). https://doi.org/10.1002/
9781118445112.stat01061

FAGOT, J. and BONTÉ, E. (2010). Automated testing of cognitive performance in monkeys: Use of a battery of
computerized test systems by a troop of semi-free-ranging baboons (Papio papio). Behav. Res. Methods 42
507–516. https://doi.org/10.3758/BRM.42.2.507

FARAWAY, J. J. (1997). Regression analysis for a functional response. Technometrics 39 254–261. MR1462586
https://doi.org/10.2307/1271130

GAZES, R. P., BROWN, E. K., BASILE, B. M. and HAMPTON, R. R. (2013). Automated cognitive testing of
monkeys in social groups yields results comparable to individual laboratory based testing. Anim. Cogn. 16
445–458.

GAZES, R. P., LUTZ, M. D., MEYER, M. J., HASSETT, T. and HAMPTON, R. R. (2019). Influences of demo-
graphic, seasonal, and social factors on automated touchscreen computer use by a socially-housed group of
rhesus monkeys (Macaca mulatta). PLoS ONE 14 e0215060.

Key words and phrases. Functional data analysis, ordinal variates, O’Sullivan splines, wavelets, automated
cognitive testing, probit regression.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1513
http://www.imstat.org
mailto:mjm556@georgetown.edu
mailto:Jeffrey.Morris@pennmedicine.upenn
mailto:reggie.gazes@bucknell.edu
mailto:bcoull@hsph.harvard.edu
http://www.ams.org/mathscinet-getitem?mr=3087436
http://www.ams.org/mathscinet-getitem?mr=1224394
http://www.ams.org/mathscinet-getitem?mr=3478799
https://doi.org/10.1002/sta4.106
http://www.cran.r-project.org/package=ordinal/
https://doi.org/10.1002/9781118445112.stat01061
https://doi.org/10.3758/BRM.42.2.507
http://www.ams.org/mathscinet-getitem?mr=1462586
https://doi.org/10.2307/1271130
https://doi.org/10.1002/9781118445112.stat01061


GELMAN, A., CARLIN, J. B., STERN, H. S., DUNSON, D. B., VEHTARI, A. and RUBIN, D. B. (2013). Bayesian
Data Analysis, 3rd ed. CRC Press–CRC, Boca Raton, FL.

GERTHEISS, J., MAIER, V., HESSEL, E. F. and STAICU, A.-M. (2015). Marginal functional regression mod-
els for analyzing the feeding behavior of pigs. J. Agric. Biol. Environ. Stat. 20 353–370. MR3396556
https://doi.org/10.1007/s13253-015-0212-7

GOLDSMITH, J. and KITAGO, T. (2016). Assessing systematic effects of stroke on motor control by us-
ing hierarchical function-on-scalar regression. J. R. Stat. Soc. Ser. C. Appl. Stat. 65 215–236. MR3456686
https://doi.org/10.1111/rssc.12115

GOLDSMITH, J. and SCHWARTZ, J. E. (2017). Variable selection in the functional linear concurrent model. Stat.
Med. 36 2237–2250. MR3660128 https://doi.org/10.1002/sim.725

GOLDSMITH, J., ZIPUNNIKOV, V. and SCHRACK, J. (2015). Generalized multilevel function-on-scalar regression
and principal component analysis. Biometrics 71 344–353. MR3366239 https://doi.org/10.1111/biom.12278

GUO, W. (2002). Functional mixed effects models. Biometrics 58 121–128. MR1891050 https://doi.org/10.1111/
j.0006-341X.2002.00121.x

HALL, P., MÜLLER, H.-G. and YAO, F. (2008). Modelling sparse generalized longitudinal observations with
latent Gaussian processes. J. R. Stat. Soc. Ser. B. Stat. Methodol. 70 703–723. MR2523900 https://doi.org/10.
1111/j.1467-9868.2008.00656.x

KRAFTY, R. T., GIMOTTY, P. A., HOLTZ, D., COUKOS, G. and GUO, W. (2008). Varying coefficient model
with unknown within-subject covariance for analysis of tumor growth curves. Biometrics 64 1023–1031.
MR2522249 https://doi.org/10.1111/j.1541-0420.2007.00980.x

LEE, W., MIRANDA, M. F., RAUSCH, P., BALADANDAYUTHAPANI, V., FAZIO, M., DOWNS, J. C. and MOR-
RIS, J. S. (2019). Bayesian semiparametric functional mixed models for serially correlated functional data
with application to Glaucoma data. J. Amer. Statist. Assoc. 114 495–513. MR3963158 https://doi.org/10.1080/
01621459.2018.1476242

LI, G., HUANG, J. Z. and SHEN, H. (2018). Exponential family functional data analysis via a low-rank model.
Biometrics 74 1301–1310. MR3908148 https://doi.org/10.1111/biom.12885

LI, H., STAUDENMAYER, J. and CARROLL, R. J. (2014). Hierarchical functional data with mixed continuous
and binary measurements. Biometrics 70 802–811. MR3295741 https://doi.org/10.1111/biom.12211

MALLOY, E. J., MORRIS, J. S., ADAR, S. D., SUH, H., GOLD, D. R. and COULL, B. A. (2010). Wavelet-
based functional linear mixed models: An application to measurement error-corrected distributed lag models.
Biostatistics 11 432–452.

MEYER, M. J., COULL, B. A., VERSACE, F., CINCIRIPINI, P. and MORRIS, J. S. (2015). Bayesian function-
on-function regression for multilevel functional data. Biometrics 71 563–574. MR3402592 https://doi.org/10.
1111/biom.12299

MEYER, M. J., MORRIS, J. S., GAZES, R. P. and COULL, B. A. (2022). Supplement to “Ordinal Pro-
bit Functional Outcome Regression with Application to Computer-Use Behavior in Rhesus Monkeys.”
https://doi.org/10.1214/21-AOAS1513SUPPA, https://doi.org/10.1214/21-AOAS1513SUPPB

MORRIS, J. S. (2015). Functional regression. Annu. Rev. Stat. Appl. 2 321–359.
MORRIS, J. S. and CARROLL, R. J. (2006). Wavelet-based functional mixed models. J. R. Stat. Soc. Ser. B. Stat.

Methodol. 68 179–199. MR2188981 https://doi.org/10.1111/j.1467-9868.2006.00539.x
RAMSAY, J. O. and SILVERMAN, B. W. (1997). Functional Data Analysis, 1st ed. Springer, New York.
REISS, P. T., HUANG, L. and MENNES, M. (2010). Fast function-on-scalar regression with penalized basis

expansions. Int. J. Biostat. 6 28. MR2683940 https://doi.org/10.2202/1557-4679.1246
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

SCHEIPL, F., GERTHEISS, J. and GREVEN, S. (2016). Generalized functional additive mixed models. Electron.
J. Stat. 10 1455–1492. MR3507370 https://doi.org/10.1214/16-EJS1145

SCHEIPL, F., STAICU, A.-M. and GREVEN, S. (2015). Functional additive mixed models. J. Comput. Graph.
Statist. 24 477–501. MR3357391 https://doi.org/10.1080/10618600.2014.901914

SHI, J. Q., WANG, B., MURRAY-SMITH, R. and TITTERINGTON, D. M. (2007). Gaussian process functional
regression modeling for batch data. Biometrics 63 714–723. MR2395708 https://doi.org/10.1111/j.1541-0420.
2007.00758.x

VAN DER LINDE, A. (2009). A Bayesian latent variable approach to functional principal components anal-
ysis with binary and count data. AStA Adv. Stat. Anal. 93 307–333. MR2545698 https://doi.org/10.1007/
s10182-009-0113-6

VAN DER LINDE, A. (2011). Reduced rank regression models with latent variables in Bayesian functional data
analysis. Bayesian Anal. 6 77–126. MR2781809 https://doi.org/10.1214/11-BA603

WAND, M. P. and ORMEROD, J. T. (2008). On semiparametric regression with O’Sullivan penalized splines.
Aust. N. Z. J. Stat. 50 179–198. MR2431193 https://doi.org/10.1111/j.1467-842X.2008.00507.x

http://www.ams.org/mathscinet-getitem?mr=3396556
https://doi.org/10.1007/s13253-015-0212-7
http://www.ams.org/mathscinet-getitem?mr=3456686
https://doi.org/10.1111/rssc.12115
http://www.ams.org/mathscinet-getitem?mr=3660128
https://doi.org/10.1002/sim.725
http://www.ams.org/mathscinet-getitem?mr=3366239
https://doi.org/10.1111/biom.12278
http://www.ams.org/mathscinet-getitem?mr=1891050
https://doi.org/10.1111/j.0006-341X.2002.00121.x
http://www.ams.org/mathscinet-getitem?mr=2523900
https://doi.org/10.1111/j.1467-9868.2008.00656.x
http://www.ams.org/mathscinet-getitem?mr=2522249
https://doi.org/10.1111/j.1541-0420.2007.00980.x
http://www.ams.org/mathscinet-getitem?mr=3963158
https://doi.org/10.1080/01621459.2018.1476242
http://www.ams.org/mathscinet-getitem?mr=3908148
https://doi.org/10.1111/biom.12885
http://www.ams.org/mathscinet-getitem?mr=3295741
https://doi.org/10.1111/biom.12211
http://www.ams.org/mathscinet-getitem?mr=3402592
https://doi.org/10.1111/biom.12299
https://doi.org/10.1214/21-AOAS1513SUPPA
https://doi.org/10.1214/21-AOAS1513SUPPB
http://www.ams.org/mathscinet-getitem?mr=2188981
https://doi.org/10.1111/j.1467-9868.2006.00539.x
http://www.ams.org/mathscinet-getitem?mr=2683940
https://doi.org/10.2202/1557-4679.1246
http://www.ams.org/mathscinet-getitem?mr=1998720
https://doi.org/10.1017/CBO9780511755453
http://www.ams.org/mathscinet-getitem?mr=3507370
https://doi.org/10.1214/16-EJS1145
http://www.ams.org/mathscinet-getitem?mr=3357391
https://doi.org/10.1080/10618600.2014.901914
http://www.ams.org/mathscinet-getitem?mr=2395708
https://doi.org/10.1111/j.1541-0420.2007.00758.x
http://www.ams.org/mathscinet-getitem?mr=2545698
https://doi.org/10.1007/s10182-009-0113-6
http://www.ams.org/mathscinet-getitem?mr=2781809
https://doi.org/10.1214/11-BA603
http://www.ams.org/mathscinet-getitem?mr=2431193
https://doi.org/10.1111/j.1467-842X.2008.00507.x
https://doi.org/10.1111/j.0006-341X.2002.00121.x
https://doi.org/10.1111/j.1467-9868.2008.00656.x
https://doi.org/10.1080/01621459.2018.1476242
https://doi.org/10.1111/biom.12299
https://doi.org/10.1017/CBO9780511755453
https://doi.org/10.1111/j.1541-0420.2007.00758.x
https://doi.org/10.1007/s10182-009-0113-6


WANG, B. and SHI, J. Q. (2014). Generalized Gaussian process regression model for non-Gaussian functional
data. J. Amer. Statist. Assoc. 109 1123–1133. MR3265685 https://doi.org/10.1080/01621459.2014.889021

ZHU, H., BROWN, P. J. and MORRIS, J. S. (2011). Robust, adaptive functional regression in functional mixed
model framework. J. Amer. Statist. Assoc. 106 1167–1179. MR2894772 https://doi.org/10.1198/jasa.2011.
tm10370

ZHU, H., BROWN, P. J. and MORRIS, J. S. (2012). Robust classification of functional and quantitative image data
using functional mixed models. Biometrics 68 1260–1268. MR3040032 https://doi.org/10.1111/j.1541-0420.
2012.01765.x

http://www.ams.org/mathscinet-getitem?mr=3265685
https://doi.org/10.1080/01621459.2014.889021
http://www.ams.org/mathscinet-getitem?mr=2894772
https://doi.org/10.1198/jasa.2011.tm10370
http://www.ams.org/mathscinet-getitem?mr=3040032
https://doi.org/10.1111/j.1541-0420.2012.01765.x
https://doi.org/10.1198/jasa.2011.tm10370
https://doi.org/10.1111/j.1541-0420.2012.01765.x


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 551–572
https://doi.org/10.1214/21-AOAS1516
© Institute of Mathematical Statistics, 2022

PARTITIONING AROUND MEDOIDS CLUSTERING AND RANDOM
FOREST CLASSIFICATION FOR GIS-INFORMED IMPUTATION OF

FLUORIDE CONCENTRATION DATA

BY YU GU1,a, JOHN S. PREISSER1,b, DONGLIN ZENG1,c, POOJAN SHRESTHA2,3,g,
MOLINA SHAH2,d, MIGUEL A. SIMANCAS-PALLARES2,e, JEANNIE GINNIS2,f AND

KIMON DIVARIS2,3,h

1Department of Biostatistics, Gillings School of Global Public Health, University of North Carolina at Chapel Hill,
ayugu@live.unc.edu, bjpreisse@bios.unc.edu, cdzeng@email.unc.edu

2Division of Pediatric and Public Health, Adams School of Dentistry, University of North Carolina at Chapel Hill,
dmolina.shah@unc.edu, esimancas@email.unc.edu, fjeannie_ginnis@unc.edu

3Department of Epidemiology, Gillings School of Global Public Health, University of North Carolina at Chapel Hill,
gpoojansh@live.unc.edu, hKimon_Divaris@unc.edu

Community water fluoridation is an important component of oral
health promotion, as fluoride exposure is a well-documented dental caries-
preventive agent. Direct measurements of domestic water fluoride content
provide valuable information regarding individuals’ fluoride exposure and
thus caries risk; however, they are logistically challenging to carry out at a
large scale in oral health research. This article describes the development and
evaluation of a novel method for the imputation of missing domestic water
fluoride concentration data informed by spatial autocorrelation. The context
is a state-wide epidemiologic study of pediatric oral health in North Carolina,
where domestic water fluoride concentration information was missing for
approximately 75% of study participants with clinical data on dental caries.
A new machine-learning-based imputation method that combines partition-
ing around medoids clustering and random forest classification (PAMRF)
is developed and implemented. Imputed values are filtered according to al-
lowable error rates or target sample size, depending on the requirements of
each application. In leave-one-out cross-validation and simulation studies,
PAMRF outperforms four existing imputation approaches—two conventional
spatial interpolation methods (i.e., inverse-distance weighting, IDW and uni-
versal kriging, UK) and two supervised learning methods (k-nearest neigh-
bors, KNN, and classification and regression trees, CART). The inclusion of
multiply imputed values in the estimation of the association between fluoride
concentration and dental caries prevalence resulted in essentially no change
in PAMRF estimates but substantial gains in precision due to larger effective
sample size. PAMRF is a powerful new method for the imputation of missing
fluoride values where geographical information exists.

REFERENCES

BREIMAN, L. (1996). Bagging predictors. Mach. Learn. 24 123–140.
BREIMAN, L. (2001). Random forests. Mach. Learn. 45 5–32.
BREIMAN, L. (2002). Manual on Setting up, Using, and Understanding Random Forests v3. 1. Statistics Depart-

ment University of California Berkeley, CA, USA 1 58.
BREIMAN, L., FRIEDMAN, J. H., OLSHEN, R. A. and STONE, C. J. (1984). Classification and Regression

Trees. Wadsworth Statistics/Probability Series. Wadsworth Advanced Books and Software, Belmont, CA.
MR0726392

BRUNELLE, J. and CARLOS, J. (1990). Recent trends in dental caries in US children and the effect of water
fluoridation. J. Dent. Res. 69 723–727.

BUUREN, S. V. and GROOTHUIS-OUDSHOORN, K. (2010). Mice: Multivariate imputation by chained equations
in R. J. Stat. Softw. 1–68.

Key words and phrases. Missing values, spatial interpolation, clustering, multiple imputation, random forest.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1516
http://www.imstat.org
mailto:yugu@live.unc.edu
mailto:jpreisse@bios.unc.edu
mailto:dzeng@email.unc.edu
mailto:molina.shah@unc.edu
mailto:simancas@email.unc.edu
mailto:jeannie_ginnis@unc.edu
mailto:poojansh@live.unc.edu
mailto:Kimon_Divaris@unc.edu
http://www.ams.org/mathscinet-getitem?mr=0726392


CATE, J. M. T. (1999). Current concepts on the theories of the mechanism of action of fluoride. Acta Odontol.
Scand. 57 325–329.

CHEN, J. and SHAO, J. (2000). Nearest neighbor imputation for survey data. J. Off. Stat. 16 113.
CLIFF, A. D. and ORD, J. K. (1981). Spatial Processes: Models & Applications. Pion Ltd., London. MR0632256
CRESSIE, N. A. C. (1993). Statistics for Spatial Data. Wiley Series in Probability and Mathematical Statistics:

Applied Probability and Statistics. Wiley, New York. MR1239641 https://doi.org/10.1002/9781119115151
DIVARIS, K. and JOSHI, A. (2020). The building blocks of precision oral health in early childhood: The ZOE 2.0

study. J. Public Health Dent. 80 S31–S36. https://doi.org/10.1111/jphd.12303
DIVARIS, K., SLADE, G. D., FERREIRA ZANDONA, A. G., PREISSER, J. S., GINNIS, J., SIMANCAS-

PALLARES, M. A., AGLER, C. S., SHRESTHA, P., KARHADE, D. S. et al. (2020). Cohort profile: ZOE
2.0—a community-based genetic epidemiologic study of early childhood oral health. Int. J. Environ. Res.
Public Health 17 8056.

ECKERT, S., FEINGOLD, E., COOPER, M., VANYUKOV, M. M., MAHER, B. S., SLAYTON, R. L., WILL-
ING, M. C., REIS, S. E., MCNEIL, D. W. et al. (2017). Variants on chromosome 4q21 near PKD2 and
SIBLINGs are associated with dental caries. J. Hum. Genet. 62 491–496.

FALKOWSKI, M. J., HUDAK, A. T., CROOKSTON, N. L., GESSLER, P. E., UEBLER, E. H. and SMITH, A. M.
(2010). Landscape-scale parameterization of a tree-level forest growth model: A K-nearest neighbor imputa-
tion approach incorporating LiDAR data. Can. J. For. Res. 40 184–199.

FISHER-OWENS, S. A., GANSKY, S. A., PLATT, L. J., WEINTRAUB, J. A., SOOBADER, M.-J., BRAM-
LETT, M. D. and NEWACHECK, P. W. (2007). Influences on children’s oral health: A conceptual model.
Pediatrics 120 e510–e520.

FRANKE, R. (1982). Scattered data interpolation: Tests of some methods. Math. Comp. 38 181–200. MR0637296
https://doi.org/10.2307/2007474

GINNIS, J., ZANDONÁ, A. G. F., SLADE, G. D., CANTRELL, J., ANTONIO, M. E., PAHEL, B. T.,
MEYER, B. D., SHRESTHA, P., SIMANCAS-PALLARES, M. A. et al. (2019). Measurement of early child-
hood oral health for research purposes: Dental caries experience and developmental defects of the enamel in
the primary dentition. In Odontogenesis 511–523. Springer, Berlin.

GOWER, J. C. (1971). A general coefficient of similarity and some of its properties. Biometrics 27 857–871.
GU, Y., PREISSER, J. S., ZENG, D., SHRESTHA, P., SHAH, M., SIMANCAS-PALLARES, M. A., GINNIS, J. and

DIVARIS, K. (2022). Supplement to “Partitioning around medoids clustering and random forest classification
for GIS-informed imputation of fluoride concentration data.” https://doi.org/10.1214/21-AOAS1516SUPP

HA, D. H., SPENCER, A. J., PERES, K. G., RUGG-GUNN, A. J., SCOTT, J. A. and DO, L. G. (2019). Fluori-
dated water modifies the effect of breastfeeding on dental caries. J. Dent. Res. 98 755–762. https://doi.org/10.
1177/0022034519843487

HASTIE, T., TIBSHIRANI, R., SHERLOCK, G., EISEN, M., BROWN, P. and BOTSTEIN, D. (1999). Imputing
Missing Data for Gene Expression Arrays. Stanford University Statistics Department Technical Report.

HENNIG, C. and LIAO, T. F. (2013). How to find an appropriate clustering for mixed-type variables with ap-
plication to socio-economic stratification (with discussion). J. R. Stat. Soc. Ser. C. Appl. Stat. 62 309–369.
MR3060621 https://doi.org/10.1111/j.1467-9876.2012.01066.x

IHEOZOR-EJIOFOR, Z., WORTHINGTON, H. V., WALSH, T., O’MALLEY, L., CLARKSON, J. E., MACEY, R.,
ALAM, R., TUGWELL, P., WELCH, V. et al. (2015). Water fluoridation for the prevention of dental caries.
Cochrane Database Syst. Rev. 6.

JOHNSTON, K., VER HOEF, J. M., KRIVORUCHKO, K. and LUCAS, N. (2001). Using ArcGIS Geostatistical
Analyst 380. Esri, Redlands.

KAUFMAN, L. and ROUSSEEUW, P. J. (2009). Finding Groups in Data: An Introduction to Cluster Analysis 344.
Wiley, New York.

LAM, N. S.-N. (1983). Spatial interpolation methods: A review. Am. Cartogr. 10 129–150.
LIAW, A., WIENER, M. et al. (2002). Classification and regression by randomForest. R News 2 18–22.
MAECHLER, M., ROUSSEEUW, P., STRUYF, A., HUBERT, M. and HORNIK, K. (2019). cluster: Cluster Analysis

Basics and Extensions. R Package Version 2.1. 0. 2019.
MITAS, L. and MITASOVA, H. (1999). Spatial interpolation. In Geographical Information Systems: Prin-

ciples, Techniques, Management and Applications (P. A. Longley, M. F. Goodchild, D. J. Maguire and
D. W. E. . Rhind, eds.) 1 481–492 34. Wiley, New York.

MORAN, P. A. P. (1950). Notes on continuous stochastic phenomena. Biometrika 37 17–23. MR0035933
https://doi.org/10.1093/biomet/37.1-2.17

RCOLORBREWER, S. and LIAW, M. A. (2018). Package ‘randomForest’. University of California, Berkeley:
Berkeley, CA, USA.

ROUSSEEUW, P. J. (1987). Silhouettes: A graphical aid to the interpretation and validation of cluster analysis. J.
Comput. Appl. Math. 20 53–65.

http://www.ams.org/mathscinet-getitem?mr=0632256
http://www.ams.org/mathscinet-getitem?mr=1239641
https://doi.org/10.1002/9781119115151
https://doi.org/10.1111/jphd.12303
http://www.ams.org/mathscinet-getitem?mr=0637296
https://doi.org/10.2307/2007474
https://doi.org/10.1214/21-AOAS1516SUPP
https://doi.org/10.1177/0022034519843487
http://www.ams.org/mathscinet-getitem?mr=3060621
https://doi.org/10.1111/j.1467-9876.2012.01066.x
http://www.ams.org/mathscinet-getitem?mr=0035933
https://doi.org/10.1093/biomet/37.1-2.17
https://doi.org/10.1177/0022034519843487


RUBIN, D. B. (1987). Multiple Imputation for Nonresponse in Surveys. Wiley Series in Probability and Mathe-
matical Statistics: Applied Probability and Statistics. Wiley, New York. MR0899519 https://doi.org/10.1002/
9780470316696

SELWITZ, R. H., ISMAIL, A. I. and PITTS, N. B. (2007). Dental caries. Lancet 369 51–59.
SHAFFER, J., WANG, X., FEINGOLD, E., LEE, M., BEGUM, F., WEEKS, D., CUENCO, K., BARMADA, M.,

WENDELL, S. et al. (2011). Genome-wide association scan for childhood caries implicates novel genes. J.
Dent. Res. 90 1457–1462.

SHEPARD, D. (1968). A two-dimensional interpolation function for irregularly-spaced data. In Proceedings of the
1968 23rd ACM National Conference 517–524. ACM, New York.

SU, L., TOM, B. D. and FAREWELL, V. T. (2009). Bias in 2-part mixed models for longitudinal semicontinuous
data. Biostatistics 10 374–389.

THERNEAU, T. and ATKINSON, B. (2008). rpart: Recursive Partitioning. R port by Brian Ripley. R Package
Version 3–1.

VAN DE VELDEN, M., IODICE D’ENZA, A. and MARKOS, A. (2019). Distance-based clustering of mixed data.
Wiley Interdiscip. Rev.: Comput. Stat. 11 e1456, 12. MR3950393 https://doi.org/10.1002/wics.1456

http://www.ams.org/mathscinet-getitem?mr=0899519
https://doi.org/10.1002/9780470316696
http://www.ams.org/mathscinet-getitem?mr=3950393
https://doi.org/10.1002/wics.1456
https://doi.org/10.1002/9780470316696


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 573–595
https://doi.org/10.1214/21-AOAS1517
© Institute of Mathematical Statistics, 2022

BAYESIAN MITIGATION OF SPATIAL COARSENING FOR A HAWKES
MODEL APPLIED TO GUNFIRE, WILDFIRE AND VIRAL CONTAGION

BY ANDREW J. HOLBROOK1,a, XIANG JI2,b AND MARC A. SUCHARD3,c

1Department of Biostatistics, UCLA, aaholbroo@g.ucla.edu
2Department of Mathematics, Tulane University, bxji4@tulane.edu
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Self-exciting spatiotemporal Hawkes processes have found increasing
use in the study of large-scale public health threats, ranging from gun vio-
lence and earthquakes to wildfires and viral contagion. Whereas many such
applications feature locational uncertainty, that is, the exact spatial positions
of individual events are unknown, most Hawkes model analyses to date have
ignored spatial coarsening present in the data. Three particular 21st century
public health crises—urban gun violence, rural wildfires and global viral
spread—present qualitatively and quantitatively varying uncertainty regimes
that exhibit: (a) different collective magnitudes of spatial coarsening, (b) uni-
form and mixed magnitude coarsening, (c) differently shaped uncertainty re-
gions and—less orthodox—(d) locational data distributed within the “wrong”
effective space. We explicitly model such uncertainties in a Bayesian manner
and jointly infer unknown locations together with all parameters of a reason-
ably flexible Hawkes model, obtaining results that are practically and statis-
tically distinct from those obtained while ignoring spatial coarsening. This
work also features two different secondary contributions: first, to facilitate
Bayesian inference of locations and background rate parameters, we make a
subtle yet crucial change to an established kernel-based rate model, and sec-
ond, to facilitate the same Bayesian inference at scale, we develop a massively
parallel implementation of the model’s log-likelihood gradient with respect
to locations and thus avoid its quadratic computational cost in the context of
Hamiltonian Monte Carlo. Our examples involve thousands of observations
and allow us to demonstrate practicality at moderate scales.
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ACCOUNTING FOR DROP-OUT USING INVERSE PROBABILITY
CENSORING WEIGHTS IN LONGITUDINAL CLUSTERED DATA

WITH INFORMATIVE CLUSTER SIZE
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Periodontal disease is a serious gum infection impacting half of the U.S.
adult population that may lead to loss of teeth. Using standard marginal mod-
els to study the association between patient-level predictors and tooth-level
outcomes can lead to biased estimates because the independence assump-
tion between the outcome (periodontal disease) and cluster size (number of
teeth per patient) is violated. Specifically, the baseline number of teeth of a
patient is informative. In this setting a cluster-weighted generalized estimat-
ing equations (CWGEE) approach can be used to obtain unbiased marginal
inference from data with informative cluster size (ICS). However, in many
longitudinal studies of dental health, including the Veterans Affairs Dental
Longitudinal Study, the rate of tooth-loss or tooth drop-out over time is also
informative, creating a missing at random data mechanism. Here, we propose
a novel modeling approach that incorporates the technique of inverse prob-
ability censoring weights into CWGEE with binary outcomes to account for
ICS and informative drop-out over time. In an extensive simulation study we
demonstrate that results obtained from our proposed method yield lower bias
and excellent coverage probability, compared to those obtained from tradi-
tional methods which do not account for ICS or drop-out.
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LIKELIHOOD-BASED BACTERIAL IDENTIFICATION APPROACH FOR
BIMICROBIAL MASS SPECTROMETRY DATA

BY SO YOUNG RYUa

School of Public Health, University of Nevada, Reno, asoyoungr@unr.edu

Mass spectrometry is a potential diagnostic tool for rapid bacterial de-
tection. However, in order to use this technology in clinical settings, it is
important to develop sound statistical algorithms that can accurately ana-
lyze polymicrobial mass spectrometry data. Here, we propose a likelihood-
based bacterial identification algorithm for bimicrobial mass spectrometry
data. Specifically, we introduce a two-component mixture model with par-
tially known labels. This method can model peaks with unknown origins.
It also considers errors in mass-to-charge ratios and intensities of peaks be-
tween observed and reference mass spectra. Coupled with a decoy strategy,
the likelihood is used to identify bacterial species and to measure uncer-
tainty of such identifications. Using two real mass spectrometry datasets, we
demonstrate the superior performance of our approach in accurate bacterial
identifications, compared to model-free approaches. Example datasets and
R codes for the proposed method are freely available under MIT license at
https://github.com/soyoungryu/BacID.

REFERENCES

APPALA, K., BIMPEH, K., FREEMAN, C. and HINES, K. M. (2020). Recent applications of mass spectrometry
in bacterial lipidomics. Anal. Bioanal. Chem. 412 5935–5943. https://doi.org/10.1007/s00216-020-02541-8

BENJAMINI, Y. and HOCHBERG, Y. (1995). Controlling the false discovery rate: A practical and powerful ap-
proach to multiple testing. J. Roy. Statist. Soc. Ser. B 57 289–300. MR1325392

CHAPMAN, J. D., GOODLETT, D. R. and MASSELON, C. D. (2014). Multiplexed and data-independent tandem
mass spectrometry for global proteome profiling. Mass Spectrom. Rev. 33 452–470.

CHOI, H. and NESVIZHSKII, A. I. (2008). Semisupervised model-based validation of peptide identifications in
mass spectrometry-based proteomics. J. Proteome Res. 7 254–265.

DEMPSTER, A. P., LAIRD, N. M. and RUBIN, D. B. (1977). Maximum likelihood from incomplete data via the
EM algorithm. J. Roy. Statist. Soc. Ser. B 39 1–38. With discussion. MR0501537

FEUCHEROLLES, M., POPPERT, S., UTZINGER, J. and BECKER, S. L. (2019). MALDI-TOF mass spectrometry
as a diagnostic tool in human and veterinary helminthology: A systematic review. Parasites Vectors 12 245.
https://doi.org/10.1186/s13071-019-3493-9

FONDRIE, W. E., LIANG, T., OYLER, B. L., LEUNG, L. M., ERNST, R. K., STRICKLAND, D. K. and
GOODLETT, D. R. (2018). Pathogen identification direct from polymicrobial specimens using membrane gly-
colipids. Sci. Rep. 8 1–11.

GRAY, T. J., THOMAS, L., OLMA, T., IREDELL, J. R. and CHEN, S. C.-A. (2013). Rapid identification of
Gram-negative organisms from blood culture bottles using a modified extraction method and MALDI-TOF
mass spectrometry. Diagn. Microbiol. Infect. Dis. 77 110–112.

KÄLL, L., CANTERBURY, J. D., WESTON, J., NOBLE, W. S. and MACCOSS, M. J. (2007). Semi-supervised
learning for peptide identification from shotgun proteomics datasets. Nat. Methods 4 923–925.

KÄLL, L., STOREY, J. D., MACCOSS, M. J. and NOBLE, W. S. (2008). Assigning significance to peptides
identified by tandem mass spectrometry using decoy databases. J. Proteome Res. 7 29–34. https://doi.org/10.
1021/pr700600n

LAWSON, C. L. and HANSON, R. J. (1995). Solving Least Squares Problems. Classics in Applied Mathemat-
ics 15. SIAM, Philadelphia, PA. Revised reprint of the 1974 original. MR1349828 https://doi.org/10.1137/1.
9781611971217

Key words and phrases. Bacterial identification, mass spectrometry, likelihood-based scoring approach, mix-
ture model.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1520
http://www.imstat.org
mailto:soyoungr@unr.edu
https://github.com/soyoungryu/BacID
https://doi.org/10.1007/s00216-020-02541-8
http://www.ams.org/mathscinet-getitem?mr=1325392
http://www.ams.org/mathscinet-getitem?mr=0501537
https://doi.org/10.1186/s13071-019-3493-9
https://doi.org/10.1021/pr700600n
http://www.ams.org/mathscinet-getitem?mr=1349828
https://doi.org/10.1137/1.9781611971217
https://doi.org/10.1021/pr700600n
https://doi.org/10.1137/1.9781611971217


LEUNG, L. M., FONDRIE, W. E., DOI, Y., JOHNSON, J. K., STRICKLAND, D. K., ERNST, R. K. and
GOODLETT, D. R. (2017). Identification of the ESKAPE pathogens by mass spectrometric analysis of mi-
crobial membrane glycolipids. Sci. Rep. 7 1–10.

LEWIS, N. H., HITCHCOCK, D. B., DRYDEN, I. L. and ROSE, J. R. (2018). Peptide refinement by using a
stochastic search. J. R. Stat. Soc. Ser. C. Appl. Stat. 67 1207–1236. MR3873706 https://doi.org/10.1111/rssc.
12280

LI, Q., ENG, J. K. and STEPHENS, M. (2012). A likelihood-based scoring method for peptide identification using
mass spectrometry. Ann. Appl. Stat. 6 1775–1794. MR3058683 https://doi.org/10.1214/12-AOAS568

LOURENS, S., ZHANG, Y., LONG, J. D. and PAULSEN, J. S. (2013). Bias in estimation of a mixture of normal
distributions. J. Biometr. Biostat. 4.

MAHÉ, P., ARSAC, M., CHATELLIER, S., MONNIN, V., PERROT, N., MAILLER, S., GIRARD, V., RAM-
JEET, M., SURRE, J. et al. (2014). Automatic identification of mixed bacterial species fingerprints in a
MALDI-TOF mass-spectrum. Bioinformatics 30 1280–1286.

MCLACHLAN, G. J. and KRISHNAN, T. (2008). The EM Algorithm and Extensions, 2nd ed. Wiley Series in Prob-
ability and Statistics. Wiley-Interscience, Hoboken, NJ. MR2392878 https://doi.org/10.1002/9780470191613

MÖRTELMAIER, C., PANDA, S., ROBERTSON, I., KRELL, M., CHRISTODOULOU, M., REICHARDT, N. and
MULDER, I. (2019). Identification performance of MALDI-ToF-MS upon mono- and bi-microbial cultures is
cell number and culture proportion dependent. Anal. Bioanal. Chem. 411 7027–7038. https://doi.org/10.1007/
s00216-019-02080-x

PANCHAUD, A., SCHERL, A., SHAFFER, S. A., VON HALLER, P. D., KULASEKARA, H. D., MILLER, S. I.
and GOODLETT, D. R. (2009). Precursor acquisition independent from ion count: How to dive deeper into the
proteomics ocean. Anal. Chem. 81 6481–6488.

RYU, S. Y. (2022a). Supplement to “Likelihood-based bacterial identification approach for bimicrobial mass
spectrometry data.” https://doi.org/10.1214/21-AOAS1520SUPPA

RYU, S. Y. (2022b). Supplement to “Likelihood-based bacterial identification approach for bimicrobial mass
spectrometry data.” https://doi.org/10.1214/21-AOAS1520SUPPB

RYU, S., GOODLETT, D. R., NOBLE, W. S. and MININ, V. N. (2012). A statistical approach to peptide identifica-
tion from clustered tandem mass spectrometry data. In 2012 IEEE International Conference on Bioinformatics
and Biomedicine Workshops 648–653. IEEE.

RYU, S. Y., WENDT, G. A., CHANDLER, C. E., ERNST, R. K. and GOODLETT, D. R. (2019). Model-based
spectral library approach for bacterial identification via membrane glycolipids. Anal. Chem. 91 11482–11487.
https://doi.org/10.1021/acs.analchem.9b03340

RYU, S. Y., WENDT, G. A., ERNST, R. K. and GOODLETT, D. R. (2020). MGMS2: Membrane glycolipid mass
spectrum simulator for polymicrobial samples. Rapid Commun. Mass Spectrom. 34 e8824. https://doi.org/10.
1002/rcm.8824

VLEK, A. L., BONTEN, M. J. and BOEL, C. E. (2012). Direct matrix-assisted laser desorption ionization time-of-
flight mass spectrometry improves appropriateness of antibiotic treatment of bacteremia. PLoS ONE 7 e32589.

YANG, Y., LIN, Y. and QIAO, L. (2018). Direct MALDI-TOF MS identification of bacterial mixtures. Anal.
Chem. 90 10400–10408.

YANG, Y., LIN, Y., CHEN, Z., GONG, T., YANG, P., GIRAULT, H., LIU, B. and QIAO, L. (2017). Bacterial whole
cell typing by mass spectra pattern matching with bootstrapping assessment. Anal. Chem. 89 12556–12561.

ZHANG, Z. (2004). Prediction of low-energy collision-induced dissociation spectra of peptides. Anal. Chem. 76
3908–3922.

http://www.ams.org/mathscinet-getitem?mr=3873706
https://doi.org/10.1111/rssc.12280
http://www.ams.org/mathscinet-getitem?mr=3058683
https://doi.org/10.1214/12-AOAS568
http://www.ams.org/mathscinet-getitem?mr=2392878
https://doi.org/10.1002/9780470191613
https://doi.org/10.1007/s00216-019-02080-x
https://doi.org/10.1214/21-AOAS1520SUPPA
https://doi.org/10.1214/21-AOAS1520SUPPB
https://doi.org/10.1021/acs.analchem.9b03340
https://doi.org/10.1002/rcm.8824
https://doi.org/10.1111/rssc.12280
https://doi.org/10.1007/s00216-019-02080-x
https://doi.org/10.1002/rcm.8824


The Annals of Applied Statistics
2022, Vol. 16, No. 1, 625
https://doi.org/10.1214/21-AOAS1573
Main article: https://doi.org/10.1214/20-AOAS1354
© Institute of Mathematical Statistics, 2022

CORRECTION TO: A BAYESIAN MODEL OF MICROBIOME DATA FOR
SIMULTANEOUS IDENTIFICATION OF COVARIATE ASSOCIATIONS AND

PREDICTION OF PHENOTYPIC OUTCOMES

BY MATTHEW D. KOSLOVSKY1,a, KRISTI L. HOFFMAN2,c, CARRIE R. DANIEL3,d AND

MARINA VANNUCCI1,b

1Department of Statistics, Rice University, amkoslovsky@rice.edu, bmarina@rice.edu
2Alkek Center for Metagenomics & Microbiome Research, Baylor College of Medicine, cKristi.Hoffman@bcm.edu
3Department of Epidemiology, The University of Texas MD Anderson Cancer Center, dCDaniel@mdanderson.org

REFERENCES

KOSLOVSKY, M. D., HOFFMAN, K. L., DANIEL, C. R. and VANNUCCI, M. (2020). A Bayesian model of mi-
crobiome data for simultaneous identification of covariate associations and prediction of phenotypic outcomes.
Ann. Appl. Stat. 14 1471–1492. MR4152142 https://doi.org/10.1214/20-AOAS1354

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1573
https://doi.org/10.1214/20-AOAS1354
http://www.imstat.org
mailto:mkoslovsky@rice.edu
mailto:marina@rice.edu
mailto:Kristi.Hoffman@bcm.edu
mailto:CDaniel@mdanderson.org
http://www.ams.org/mathscinet-getitem?mr=4152142
https://doi.org/10.1214/20-AOAS1354



