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

BY AIYOU CHEN?® AND TIMOTHY C. AUP
Google LLC, aiyouchen@google.com, btimau@g()ugle.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 L1, YANG N1%¢, LEAH H. RUBIN>'Y, AMANDA B. SPENCE*® AND
YANXUN Xul-P

1Department of Applied Mathematics and Statistics, Johns Hopkins University, 2ylil1 93 @jhu.edu, byanxun.xu @jhu.edu
2Department of Statistics, Texas A&M University, ©yni @stat.tamu.edu
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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 L (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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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.
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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.

REFERENCES

AASTVEIT, K. A., NATVIK, G. J. and SOLA, S. (2017). Economic uncertainty and the influence of monetary
policy. J. Int. Money Financ. 76 50-67.

ALESSANDRI, P. and MUMTAZ, H. (2017). Financial conditions and density forecasts for US output and inflation.
Rev. Econ. Dyn. 24 66-78.

ALESSANDRI, P. and MUMTAZ, H. (2019). Financial regimes and uncertainty shocks. J. Monet. Econ. 101 31-46.

AUERBACH, A. J. and GORODNICHENKO, Y. (2012). Measuring the output responses to fiscal policy. Am. Econ.
J. Econ. Policy 4 1-27.

BARNICHON, R. and MATTHES, C. (2018). Functional approximation of impulse responses. J. Monet. Econ. 99
41-55.

BASSETTI, F., CASARIN, R. and LEISEN, F. (2014). Beta-product dependent Pitman—Y or processes for Bayesian
inference. J. Econometrics 180 49-72. MR3188911 https://doi.org/10.1016/j.jeconom.2014.01.007

BILLIO, M., CASARIN, R. and ROSSINI, L. (2019). Bayesian nonparametric sparse VAR models. J. Economet-
rics 212 97-115. MR3994009 https://doi.org/10.1016/j.jeconom.2019.04.022

BLooM, N. (2009). The impact of uncertainty shocks. Econometrica 77 623—685. MR2531358 https://doi.org/10.
3982/ECTA6248

BREIMAN, L. (2001). Random forests. Mach. Learn. 45 5-32.

CAGGIANO, G., CASTELNUOVO, E. and GROSHENNY, N. (2014). Uncertainty shocks and unemployment dy-
namics in US recessions. J. Monet. Econ. 67 78-92.

CAGGIANO, G., CASTELNUOVO, E. and NODARI, G. (2021). Uncertainty and monetary policy in good and bad
times. J. Appl. Econometrics. To appear.

CAGGIANO, G., CASTELNUOVO, E. and PELLEGRINO, G. (2017). Estimating the real effects of uncertainty
shocks at the zero lower bound. Eur. Econ. Rev. 100 257-272.

CARRIERO, A., CLARK, T. E. and MARCELLINO, M. (2018). Measuring uncertainty and its impact on the
economy. Rev. Econ. Stat. 100 799-815.

CARRIERO, A., CLARK, T. E. and MARCELLINO, M. (2019). Large Bayesian vector autoregressions with
stochastic volatility and non-conjugate priors. J. Econometrics 212 137-154. MR3994011 https://doi.org/10.
1016/j.jeconom.2019.04.024

CARRIERO, A., KAPETANIOS, G. and MARCELLINO, M. (2012). Forecasting government bond yields with large
Bayesian vector autoregressions. J. Bank. Financ. 36 2026-2047.

Key words and phrases. Bayesian additive regression trees, BAVART, decision trees, nonparametric regres-
sion, vector autoregressions.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1488
http://www.imstat.org
mailto:florian.huber@sbg.ac.at
mailto:luca.rossini@unimi.it
http://www.ams.org/mathscinet-getitem?mr=3188911
https://doi.org/10.1016/j.jeconom.2014.01.007
http://www.ams.org/mathscinet-getitem?mr=3994009
https://doi.org/10.1016/j.jeconom.2019.04.022
http://www.ams.org/mathscinet-getitem?mr=2531358
https://doi.org/10.3982/ECTA6248
http://www.ams.org/mathscinet-getitem?mr=3994011
https://doi.org/10.1016/j.jeconom.2019.04.024
https://doi.org/10.3982/ECTA6248
https://doi.org/10.1016/j.jeconom.2019.04.024

CARRIERO, A., CHAN, J. C. C., CLARK, T. E. and MARCELLINO, M. (2021). Corrigendum to: Large Bayesian
vector autoregressions with stochastic volatility and non-conjugate priors. Working paper.

CARVALHO, C. M., POLSON, N. G. and ScoOTT, J. G. (2009). Handling sparsity via the horseshoe. In Artificial
Intelligence and Statistics 73—80. PMLR.

CHIPMAN, H. A., GEORGE, E. I. and McCULLOCH, R. E. (1998). Bayesian CART model search. J. Amer.
Statist. Assoc. 93 935-948.

CHIPMAN, H. A., GEORGE, E. I. and McCULLOCH, R. E. (2002). Bayesian treed models. Mach. Learn. 48
299-320.

CHIPMAN, H. A., GEORGE, E. I. and MCCULLOCH, R. E. (2010). BART: Bayesian additive regression trees.
Ann. Appl. Stat. 4 266-298. MR2758172 https://doi.org/10.1214/09- AOAS285

CLARK, T. E. (2011). Real-time density forecasts from Bayesian vector autoregressions with stochastic volatility.
J. Bus. Econom. Statist. 29 327-341. MR2848507 https://doi.org/10.1198/jbes.2010.09248

CLARK, T. E. and RAVAZZOLO, F. (2015). Macroeconomic forecasting performance under alternative specifica-
tions of time-varying volatility. J. Appl. Econometrics 30 551-575. MR3358636 https://doi.org/10.1002/jae.
2379

CRESPO CUARESMA, J. C., HUBER, F. and ONORANTE, L. (2020). Fragility and the effect of international
uncertainty shocks. J. Int. Money Financ. 108 102151.

DieEBOLD, F. X. and L1, C. (2006). Forecasting the term structure of government bond yields. J. Econometrics
130 337-364. MR2211798 https://doi.org/10.1016/j.jeconom.2005.03.005

DoAN, T., LITTERMAN, R. and SiMs, C. (1984). Forecasting and conditional projection using realistic prior
distributions. Econometric Rev. 3 1-100.

DORIE, V., HILL, J., SHALIT, U., SCOTT, M. and CERVONE, D. (2019). Automated versus do-it-yourself meth-
ods for causal inference: Lessons learned from a data analysis competition. Statist. Sci. 34 43—68. MR3938963
https://doi.org/10.1214/18-STS667

FERRARA, L. and GUERIN, P. (2018). What are the macroeconomic effects of high-frequency uncertainty
shocks? J. Appl. Econometrics 33 662—-679. MR3850753 https://doi.org/10.1002/jae.2624

FREUND, Y. and SCHAPIRE, R. E. (1997). A decision-theoretic generalization of on-line learning and an appli-
cation to boosting. J. Comput. System Sci. 55 119-139. MR 1473055 https://doi.org/10.1006/jcss.1997.1504

FRIEDMAN, J. H. (2001). Greedy function approximation: A gradient boosting machine. Ann. Statist. 29 1189—
1232. MR1873328 https://doi.org/10.1214/a0s/1013203451

GEFANG, D. and STRACHAN, R. (2010). Nonlinear impacts of international business cycles on the U.K.—
a Bayesian smooth transition VAR approach. Stud. Nonlinear Dyn. Econom. 14 Art. 2, 33. MR2585173
https://doi.org/10.2202/1558-3708.1677

GIESECK, A. and LARGENT, Y. (2016). The impact of macroeconomic uncertainty on activity in the euro area.
Rev. Econ. 67 25-52.

GRAMACY, R. B. and LEE, H. K. H. (2008). Bayesian treed Gaussian process models with an applica-
tion to computer modeling. J. Amer. Statist. Assoc. 103 1119-1130. MR2528830 https://doi.org/10.1198/
016214508000000689

GRANGER, C. W. and TERASVIRTA, T. (1993). Modelling non-linear economic relationships. OUP Catalogue.

GREEN, D. P. and KERN, H. L. (2012). Modeling heterogeneous treatment effects in survey experiments with
Bayesian additive regression trees. Public Opin. Q.76 491-511.

GURKAYNAK, R. S., SACK, B. and WRIGHT, J. H. (2007). The US treasury yield curve: 1961 to the present. J.
Monet. Econ. 54 2291-2304.

HAHN, P. R., MURRAY, J. S. and CARVALHO, C. M. (2020). Bayesian regression tree models for causal in-
ference: Regularization, confounding, and heterogeneous effects (with discussion). Bayesian Anal. 15 965—
1056. Includes comments and discussions by 25 discussants and a rejoinder by the authors. MR4154846
https://doi.org/10.1214/19-BA1195

HE, J., YALOV, S. and HAHN, P. R. (2019). XBART: Accelerated Bayesian additive regression trees. In The 22nd
International Conference on Artificial Intelligence and Statistics 1130-1138. PMLR.

HERNANDEZ, B., RAFTERY, A. E., PENNINGTON, S. R. and PARNELL, A. C. (2018). Bayesian additive regres-
sion trees using Bayesian model averaging. Stat. Comput. 28 869-890. MR3766048 https://doi.org/10.1007/
s11222-017-9767-1

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

HILL, J., LINERO, A. and MURRAY, J. (2020). Bayesian additive regression trees: A review and look forward.
Annu. Rev. Stat. Appl. 7 251-278. MR4104193 https://doi.org/10.1146/annurev-statistics-031219-041110

HIorT, N. L., HOLMES, C., MULLER, P. and WALKER, S. G. (2010). Bayesian Nonparametrics. Cambridge
Univ. Press, Cambridge.

HUBER, F., KOOP, G. and ONORANTE, L. (2021). Inducing sparsity and shrinkage in time-varying parameter
models. J. Bus. Econom. Statist. 39 669-683. MR4272927 https://doi.org/10.1080/07350015.2020.1713796


http://www.ams.org/mathscinet-getitem?mr=2758172
https://doi.org/10.1214/09-AOAS285
http://www.ams.org/mathscinet-getitem?mr=2848507
https://doi.org/10.1198/jbes.2010.09248
http://www.ams.org/mathscinet-getitem?mr=3358636
https://doi.org/10.1002/jae.2379
http://www.ams.org/mathscinet-getitem?mr=2211798
https://doi.org/10.1016/j.jeconom.2005.03.005
http://www.ams.org/mathscinet-getitem?mr=3938963
https://doi.org/10.1214/18-STS667
http://www.ams.org/mathscinet-getitem?mr=3850753
https://doi.org/10.1002/jae.2624
http://www.ams.org/mathscinet-getitem?mr=1473055
https://doi.org/10.1006/jcss.1997.1504
http://www.ams.org/mathscinet-getitem?mr=1873328
https://doi.org/10.1214/aos/1013203451
http://www.ams.org/mathscinet-getitem?mr=2585173
https://doi.org/10.2202/1558-3708.1677
http://www.ams.org/mathscinet-getitem?mr=2528830
https://doi.org/10.1198/016214508000000689
http://www.ams.org/mathscinet-getitem?mr=4154846
https://doi.org/10.1214/19-BA1195
http://www.ams.org/mathscinet-getitem?mr=3766048
https://doi.org/10.1007/s11222-017-9767-1
http://www.ams.org/mathscinet-getitem?mr=2816546
https://doi.org/10.1198/jcgs.2010.08162
http://www.ams.org/mathscinet-getitem?mr=4104193
https://doi.org/10.1146/annurev-statistics-031219-041110
http://www.ams.org/mathscinet-getitem?mr=4272927
https://doi.org/10.1080/07350015.2020.1713796
https://doi.org/10.1002/jae.2379
https://doi.org/10.1198/016214508000000689
https://doi.org/10.1007/s11222-017-9767-1

HUBER, F. and ZORNER, T. O. (2019). Threshold cointegration in international exchange rates: A Bayesian
approach. Int. J. Forecast. 35 458-473.

HUBER, F., KOOP, G., ONORANTE, L., PFARRHOFER, M. and SCHREINER, J. (2021). Nowcasting in a pan-
demic using non-parametric mixed frequency VARs. J. Econometrics. To appear.

JAcksoN, L. E., KLIESEN, K. L. and OWYANG, M. T. (2020). The nonlinear effects of uncertainty shocks.
Stud. Nonlinear Dyn. Econom. 24 20190024, 19. MR4145962 https://doi.org/10.1515/snde-2019-0024

JURADO, K., LUDVIGSON, S. C. and NG, S. (2015). Measuring uncertainty. Am. Econ. Rev. 105 1177-1216.

KALLI, M. and GRIFFIN, J. E. (2018). Bayesian nonparametric vector autoregressive models. J. Econometrics
203 267-282. MR3770826 https://doi.org/10.1016/j.jeconom.2017.11.009

KAPELNER, A. and BLEICH, J. (2015). Prediction with missing data via Bayesian additive regression trees.
Canad. J. Statist. 43 224-239. MR3353381 https://doi.org/10.1002/cjs.11248

KASTNER, G. and FRUHWIRTH-SCHNATTER, S. (2014). Ancillarity-sufficiency interweaving strategy (ASIS)
for boosting MCMC estimation of stochastic volatility models. Comput. Statist. Data Anal. 76 408-423.
MR3209449 https://doi.org/10.1016/j.csda.2013.01.002

KASTNER, G. and HUBER, F. (2020). Sparse Bayesian vector autoregressions in huge dimensions. J. Forecast.
39 1142-1165. MR4161021 https://doi.org/10.1002/for.2680

KERN, H. L., STUART, E. A., HILL, J. and GREEN, D. P. (2016). Assessing methods for generalizing experi-
mental impact estimates to target populations. J. Res. Educ. Eff. 9 103—127. https://doi.org/10.1080/19345747.
2015.1060282

Koop, G., KOROBILIS, D. and PETTENUZZO, D. (2019). Bayesian compressed vector autoregressions. J. Econo-
metrics 210 135-154. MR3944767 https://doi.org/10.1016/j.jeconom.2018.11.009

Koop, G., PESARAN, M. H. and POTTER, S. M. (1996). Impulse response analysis in nonlinear multivariate
models. J. Econometrics 74 119-147. MR1409037 https://doi.org/10.1016/0304-4076(95)01753-4

KRUEGER, R., BANSAL, P. and BUDDHAVARAPU, P. (2020). A new spatial count data model with Bayesian ad-
ditive regression trees for accident hot spot identification. Accident Anal. Prev. 144 105623. https://doi.org/10.
1016/j.aap.2020.105623

LAKSHMINARAYANAN, B., Roy, D. M. and TEH, Y. W. (2014). Mondrian forests: Efficient online random
forests. In Advances in Neural Information Processing Systems (Z. Ghahramani, M. Welling, C. Cortes,
N. D. Lawrence and K. Q. Weinberger, eds.) 27 3140-3148. Curran Associates.

LINERO, A. R. (2018). Bayesian regression trees for high-dimensional prediction and variable selection. J. Amer.
Statist. Assoc. 113 626—-636. MR3832214 https://doi.org/10.1080/01621459.2016.1264957

LITTERMAN, R. B. (1986). Forecasting with Bayesian vector autoregressions—five years of experience. J. Bus.
Econom. Statist. 4 25-38.

MAKALIC, E. and SCHMIDT, D. F. (2015). A simple sampler for the horseshoe estimator. IEEE Signal Process.
Lett. 23 179-182.

MUMTAZ, H. and THEODORIDIS, K. (2018). The changing transmission of uncertainty shocks in the U.S. J. Bus.
Econom. Statist. 36 239-252. MR3790211 https://doi.org/10.1080/07350015.2016.1147357

NELSON, C. R. and SIEGEL, A. F. (1987). Parsimonious modeling of yield curves. J. Bus. 60 473-489.

PACCAGINI, A. and COLOMBO, V. (2020). The asymmetric effect of uncertainty shocks. CAMA Working Paper,
72/2020.

PLAGBORG-M@LLER, M. (2019). Bayesian inference on structural impulse response functions. Quant. Econ. 10
145-184. MR3915253 https://doi.org/10.3982/QE926

PrATOLA, M. T., CHIPMAN, H. A., GEORGE, E. I. and MCCULLOCH, R. E. (2020). Heteroscedastic BART via
multiplicative regression trees. J. Comput. Graph. Statist. 29 405—417. MR4116052 https://doi.org/10.1080/
10618600.2019.1677243

PRUSER, J. (2019). Forecasting with many predictors using Bayesian additive regression trees. J. Forecast. 38
621-631. MR4021441 https://doi.org/10.1002/for.2587

RAMEY, V. A. and ZUBAIRY, S. (2017). Government spending multipliers in good times and in bad: Evidence
from us historical data. J. Polit. Econ. 126 850-901.

Roy, D. M. and TEH, Y. W. (2009). The mondrian process. In Advances in Neural Information Processing
Systems (D. Koller, D. Schuurmans, Y. Bengio and L. Bottou, eds.) 21 1377-1384. Curran Associates.

Sivs, C. A. (1980). Macroeconomics and reality. Econometrica 48 1-48.

SiMs, C. A. and ZHA, T. (1998). Bayesian methods for dynamic multivariate models. Internat. Econom. Rev. 39
949-968.

WALDMANN, P. (2016). Genome-wide prediction using Bayesian additive regression trees. Genet. Sel. Evol. 48
1-12.


http://www.ams.org/mathscinet-getitem?mr=4145962
https://doi.org/10.1515/snde-2019-0024
http://www.ams.org/mathscinet-getitem?mr=3770826
https://doi.org/10.1016/j.jeconom.2017.11.009
http://www.ams.org/mathscinet-getitem?mr=3353381
https://doi.org/10.1002/cjs.11248
http://www.ams.org/mathscinet-getitem?mr=3209449
https://doi.org/10.1016/j.csda.2013.01.002
http://www.ams.org/mathscinet-getitem?mr=4161021
https://doi.org/10.1002/for.2680
https://doi.org/10.1080/19345747.2015.1060282
http://www.ams.org/mathscinet-getitem?mr=3944767
https://doi.org/10.1016/j.jeconom.2018.11.009
http://www.ams.org/mathscinet-getitem?mr=1409037
https://doi.org/10.1016/0304-4076(95)01753-4
https://doi.org/10.1016/j.aap.2020.105623
http://www.ams.org/mathscinet-getitem?mr=3832214
https://doi.org/10.1080/01621459.2016.1264957
http://www.ams.org/mathscinet-getitem?mr=3790211
https://doi.org/10.1080/07350015.2016.1147357
http://www.ams.org/mathscinet-getitem?mr=3915253
https://doi.org/10.3982/QE926
http://www.ams.org/mathscinet-getitem?mr=4116052
https://doi.org/10.1080/10618600.2019.1677243
http://www.ams.org/mathscinet-getitem?mr=4021441
https://doi.org/10.1002/for.2587
https://doi.org/10.1080/19345747.2015.1060282
https://doi.org/10.1016/j.aap.2020.105623
https://doi.org/10.1080/10618600.2019.1677243

The Annals of Applied Statistics

2022, Vol. 16, No. 1, 124-143
https://doi.org/10.1214/21-AOAS 1489

© Institute of Mathematical Statistics, 2022

A FLEXIBLE BAYESIAN FRAMEWORK TO ESTIMATE AGE- AND
CAUSE-SPECIFIC CHILD MORTALITY OVER TIME FROM SAMPLE
REGISTRATION DATA

BY AUSTIN E. SCHUMACHER"2, TYLER H. MCCORMICK?€, JON WAKEFIELD>*4,
YUE CHU*¢, JAMIE PERIN>f, FRANCISCO VILLAVICENCIO”*&, NOAH SIMON!-P AND
L1 LigéP

1Department of Biostatistics, University of Washington, *aeschuma@uw.edu, b rsimon @uw.edu
2Departments of Statistics and Sociology, University of Washington, tylermc @uw.edu
3Departmentx of Biostatistics and Statistics, University of Washington, d jonno @uw.edu
4Department of Sociology, The Ohio State University, ®chu.282 @ osu.edu
5 Department of International Health, Johns Hopkins Bloomberg School of Public Health, 1cjperin @jhu.edu, Efvillavl @jhu.edu

6Departmenls of Population, Family and Reproductive Health and International Health, Johns Hopkins Bloomberg School of
Public Health, Mliu26@jhu.edu

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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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 L 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 Nifio 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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MANIFOLD VALUED DATA ANALYSIS OF SAMPLES OF NETWORKS,
WITH APPLICATIONS IN CORPUS LINGUISTICS
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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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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 Pélya 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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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. =10.38%, 0.70%].
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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.
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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.

REFERENCES

ARSHAD, S. H., KARMAUS, W., RAzA, A., KURUKULAARATCHY, R. J., MATTHEWS, S. M., HOL-
LOWAY, J. W., SADEGHNEJAD, A., ZHANG, H., ROBERTS, G. et al. (2012). The effect of parental allergy on
childhood allergic diseases depends on the sex of the child. J. Allergy Clin. Immunol. 130 427-434.

ARSHAD, S. H., HOLLOWAY, J. W., KARMAUS, W., ZHANG, H., EWART, S., MANSFIELD, L., MATTHEWS, S.,
HODGEKISS, C., ROBERTS, G. et al. (2018). Cohort profile: The Isle of Wight whole population birth cohort
(IOWBC). Int. J. Epidemiol. 47 1043-1044i.

ARYEE, M. J., JAFFE, A. E., CORRADA-BRAVO, H., LADD-ACOSTA, C., FEINBERG, A. P., HANSEN, K. D.
and IRIZARRY, R. A. (2014). Minfi: A flexible and comprehensive bioconductor package for the analysis of
infinium DNA methylation microarrays. Bioinformatics 30 1363-1369.

BELL, J. T,, PAI, A. A, PICKRELL, J. K., GAFFNEY, D. J., PIQUE-REGI, R., DEGNER, J. F., GILAD, Y. and
PRITCHARD, J. K. (2011). DNA methylation patterns associate with genetic and gene expression variation in
HapMap cell lines. Genome Biol. 12 R10. https://doi.org/10.1186/gb-2011-12-1-r10

BIBIKOVA, M., BARNES, B., TsaN, C., Ho, V., KLOTZLE, B., LE, J. M., DELANO, D., ZHANG, L.,
SCHROTH, G. P. et al. (2011). High density DNA methylation array with single CpG site resolution. Ge-
nomics 98 288-295.

CLARKE, R., REssoM, H. W., WANG, A., XUAN, J., Liu, M. C., GEHAN, E. A. and WANG, Y. (2008). The
properties of high-dimensional data spaces: Implications for exploring gene and protein expression data. Nat.
Rev. Cancer 8 37-49.

CURLEY, J. P.,, MASHOODH, R. and CHAMPAGNE, F. A. (2011). Epigenetics and the origins of paternal effects.
Horm. Behav. 59 306-314.

Du, P., ZHANG, X., HUANG, C.-C., JAFARI, N., KIBBE, W. A., Hou, L. and LIN, S. M. (2010). Comparison of
beta-value and M-value methods for quantifying methylation levels by microarray analysis. BMC Bioinform.
11 587.

ECKHARDT, F., LEWIN, J., CORTESE, R., RAKYAN, V. K., ATTWOOD, J., BURGER, M., BURTON, J.,
Cox, T. V., DAVIES, R. et al. (2006). DNA methylation profiling of human chromosomes 6, 20 and 22.
Nat. Genet. 38 1378-1385.

HAN, S., ZHANG, H., LOCKETT, G. A., MUKHERIJEE, N., HOLLOWAY, J. W. and KARMAUS, W. (2015).
Identifying heterogeneous transgenerational DNA methylation sites via clustering in beta regression. Ann.
Appl. Stat. 9 2052-2072. MR3456365 https://doi.org/10.1214/15- AOAS865

HOFMEISTER, B. T., LEE, K., ROHR, N. A., HALL, D. W. and SCHMITZ, R. J. (2017). Stable inheritance of
DNA methylation allows creation of epigenotype maps and the study of epiallele inheritance patterns in the
absence of genetic variation. Genome Biol. 18 1-16.

Key words and phrases. DNA methylation, EM, clustering, generalized beta distribution.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1511
http://www.imstat.org
mailto:xmou@memphis.edu
mailto:hzhang6@memphis.edu
mailto:s.h.arshad@soton.ac.uk
https://doi.org/10.1186/gb-2011-12-1-r10
http://www.ams.org/mathscinet-getitem?mr=3456365
https://doi.org/10.1214/15-AOAS865

HOUSEMAN, E. A., CHRISTENSEN, B. C., YEH, R.-F., MARSIT, C. J., KARAGAS, M. R., WRENSCH, M.,
NELSON, H. H., WIEMELS, J., ZHENG, S. et al. (2008). Model-based clustering of DNA methylation array
data: A recursive-partitioning algorithm for high-dimensional data arising as a mixture of beta distributions.
BMC Bioinform. 9 365.

JoHNSON, W. E., L1, C. and RABINOVIC, A. (2007). Adjusting batch effects in microarray expression data using
empirical Bayes methods. Biostatistics 8 118-127.

KAPPELER, L. and MEANEY, M. J. (2010). Epigenetics and parental effects. BioEssays 32 818-827.

LEE, S.-H., PARK, J.-S. and PARK, C.-S. (2011). The search for genetic variants and epigenetics related to
asthma. Allergy, Asthma & Immunology Research 3 236-244.

LiBBY, D. L. and NovICK, M. R. (1982). Multivariate generalized beta distributions with applications to utility
assessment. J. Educ. Stat. 7 271-294.

LOCKETT, G. A., PATIL, V. K., SOTO-RAMIREZ, N., ZIYAB, A. H., HOLLOWAY, J. W. and KARMAUS, W.
(2013). Epigenomics and allergic disease. Epigenomics 5 685-699.

Mou, X., ZHANG, H. and ARSHAD, S. H. (2022a). Supplement to “Identifying intergenerational patterns of
correlated methylation sites.” https://doi.org/10.1214/21- AOAS1511SUPPA

Mou, X., ZHANG, H. and ARSHAD, S. H. (2022b). Computer codes for “Identifying intergenerational patterns
of correlated methylation sites.” https://doi.org/10.1214/21-AOAS1511SUPPB

NIELSEN, S. F. (2000). The stochastic EM algorithm: Estimation and asymptotic results. Bernoulli 6 457—489.
MR 1762556 https://doi.org/10.2307/3318671

PADMANABHAN, N., JIA, D., GEARY-JOO, C., WU, X., FERGUSON-SMITH, A. C., FUNG, E., BIEDA, M. C.,
SNYDER, F. F., GRAVEL, R. A. et al. (2013). Mutation in folate metabolism causes epigenetic instability and
transgenerational effects on development. Cell 155 81-93.

PARK, H.-S. and JUN, C.-H. (2009). A simple and fast algorithm for K-medoids clustering. Expert Syst. Appl.
36 3336-3341.

QIN, L.-X. and SELF, S. G. (2006). The clustering of regression models method with applications in gene
expression data. Biometrics 62 526-533. MR2236835 https://doi.org/10.1111/j.1541-0420.2005.00498.x

SOUBRY, A., HoYO, C., JIRTLE, R. L. and MURPHY, S. K. (2014). A paternal environmental legacy: Evidence
for epigenetic inheritance through the male germ line. BioEssays 36 359-371.

STENZ, L., SCHECHTER, D. S., SERPA, S. R. and PAOLONI-GIACOBINO, A. (2018). Intergenerational trans-
mission of DNA methylation signatures associated with early life stress. Curr. Genomics 19 665-675.

WANG, D., YAN, L., HU, Q., SUCHESTON, L. E., HIGGINS, M. J., AMBROSONE, C. B., JOHNSON, C. S.,
SMIRAGLIA, D. J. and L1u, S. (2012). IMA: An R package for high-throughput analysis of Illumina’s 450K
Infinium methylation data. Bioinformatics 28 729-730.

Yu, F, Xu, C., DENG, H.-W. and SHEN, H. (2020). A novel computational strategy for DNA methylation
imputation using mixture regression model (MRM). BMC Bioinform. 21 1-17.

ZHANG, W., SPECTOR, T. D., DELOUKAS, P., BELL, J. T. and ENGELHARDT, B. E. (2015). Predicting genome-
wide DNA methylation using methylation marks, genomic position, and DNA regulatory elements. Genome
Biol. 16 14. https://doi.org/10.1186/5s13059-015-0581-9


https://doi.org/10.1214/21-AOAS1511SUPPA
https://doi.org/10.1214/21-AOAS1511SUPPB
http://www.ams.org/mathscinet-getitem?mr=1762556
https://doi.org/10.2307/3318671
http://www.ams.org/mathscinet-getitem?mr=2236835
https://doi.org/10.1111/j.1541-0420.2005.00498.x
https://doi.org/10.1186/s13059-015-0581-9

The Annals of Applied Statistics

2022, Vol. 16, No. 1, 537-550
https://doi.org/10.1214/21-AOAS1513

© Institute of Mathematical Statistics, 2022

ORDINAL PROBIT FUNCTIONAL OUTCOME REGRESSION WITH
APPLICATION TO COMPUTER-USE BEHAVIOR IN RHESUS MONKEYS

BY MARK J. MEYER"2, JEFFREY S. MORRIS*?, REGINA PAXTON GAZES>¢ AND
BRENT A. CouLL*4

1De;/mrtment of Mathematics and Statistics, Georgetown University, *mjm556 @ georgetown.edu
2Department of Biostatistics, Epidemiology and Informatics, Perelman School of Medicine, University of Pennsylvania,
bJejfrey.Morris@ pennmedicine.upenn
3Department of Psychology and Program in Animal Behavior, Bucknell University, “reggie.gazes @bucknell.edu
4Departmem of Biostatistics, Harvard T.H. Chan School of Public Health, dpcoull @hsph.harvard.edu

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.
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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,
PAMREF 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 PAMREF estimates but substantial gains in precision due to larger effective
sample size. PAMREF is a powerful new method for the imputation of missing
fluoride values where geographical information exists.
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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—Iless 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

BY Ava A. MiTant!?, ELIZABETH K. KAYEZ? AND KERRIE P. NELSON3:¢

I Division of Biostatistics, University of Toronto Dalla Lana School of Public Health, ®aya.mitani@utoronto.ca
2Department of Health Policy and Health Services Research, Boston University Henry M. Goldman School of
Dental Medicine, bk ralle@bu.edu

3Departmem‘ of Biostatistics, Boston University School of Public Health, “kerrie @bu.edu

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 RYU?
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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/BaclD.

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.

CHoOI, H. and NESVIZHSKII, A. I. (2008). Semisupervised model-based validation of peptide identifications in
mass spectrometry-based proteomics. J. Proteome Res. T 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.

KALL, 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.

KALL, 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. T 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., Dol, 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.

LEwWIs, 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

L1, 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.

MAHE, P., ARSAC, M., CHATELLIER, S., MONNIN, V., PERROT, N., MAILLER, S., GIRARD, V., RaAM-
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

MORTELMAIER, C., PANDA, S., ROBERTSON, 1., 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 32589.

YANG, Y., LIN, Y. and Q1A0, 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., L1U, B. and Q1A0, 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-AOAS 1573

Main article: https://doi.org/10.1214/20-A0AS 1354
© 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. KOSLOVSKY!2, KrISTI L. HOFFMAN?¢, CARRIE R. DANIEL?¢ AND
MARINA VANNUCCI!P

1 Department of Statistics, Rice University, *mkoslovsky @rice.edu, Ymarina@rice.edu
2Alkek Center for Metagenomics & Microbiome Research, Baylor College of Medicine, € Kristi.Hoffman@bcm.edu
3 Department 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- AOAS 1354


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

The Institute of Mathematical Statistics presents

IMS MONOGRAPHS

Monographs

Large-Scale
Inference
ods for

Em
Est

Bradley Efron

MS member? Claim
your 40% discount:
www.cambridge.org/ims

Paperback price
US$23.99
(non-member price
$39.99)

Large-Scale Inference:
Empirical Bayes Methods for
Estimation, Testing, and Prediction

Bradley Efron

We live in a new age for statistical inference, where modern
scientific technology such as microarrays and fMRI machines
routinely produce thousands and sometimes millions of parallel
data sets, each with its own estimation or testing problem. Doing
thousands of problems at once is more than repeated application
of classical methods. Taking an empirical Bayes approach, Bradley
Efron, inventor of the bootstrap, shows how information accrues
across problems in a way that combines Bayesian and frequentist
ideas. Estimation, testing, and prediction blend in this framework,
producing opportunities for new methodologies of increased
power. New difficulties also arise, easily leading to flawed
inferences. This book takes a careful look at both the promise and
pitfalls of large-scale statistical inference, with particular attention
to false discovery rates, the most successful of the new statistical
techniques. Emphasis s on the inferential ideas underlying technical
developments, illustrated using a large number of real examples.

www.cambridge.com/ims

Cambridge University Press, in conjunction with the Institute of Mathematical Statistics,
established the IMS Monographs and IMS Textbooks series of high-quality books. The series
editors are Xiao-Li Meng, Susan Holmes, Ben Hambly, D. R. Cox and Alan Agresti.



