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A COPULA MODEL FOR MARKED POINT PROCESS WITH A TERMINAL
EVENT: AN APPLICATION IN DYNAMIC PREDICTION OF INSURANCE

CLAIMS

BY LU YANG1,a
 iD, PENG SHI2,b AND SHIMENG HUANG2,c

1School of Statistics, University of Minnesota, aluyang@umn.edu
2Wisconsin School of Business, University of Wisconsin-Madison, bpshi@bus.wisc.edu, cshimeng.huang@wisc.edu

Accurate prediction of an insurer’s outstanding liabilities is crucial for
maintaining the financial health of the insurance sector. We aim to develop a
statistical model for insurers to dynamically forecast unpaid losses by lever-
aging the granular transaction data on individual claims. The liability cash
flow from a single insurance claim is determined by an event process that
describes the recurrences of payments, a payment process that generates a se-
quence of payment amounts, and a settlement process that terminates both the
event and payment processes. More importantly, the three components are de-
pendent on one another, which enables the dynamic prediction of an insurer’s
outstanding liability. We introduce a copula-based point process framework to
model the recurrent events of payment transactions from an insurance claim,
where the longitudinal payment amounts and the time-to-settlement outcome
are formulated as the marks and the terminal event of the counting process, re-
spectively. The dependencies among the three components are characterized
using the method of pair copula constructions. We further develop a stage-
wise strategy for parameter estimation and illustrate its desirable properties
with numerical experiments.

In the application we consider a portfolio of property insurance claims for
building and contents coverage obtained from a commercial property insur-
ance provider, where we find intriguing dependence patterns among the three
components. The superior dynamic prediction performance of the proposed
joint model enhances the insurer’s decision-making in claims reserving and
risk financing operations.
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Optimal sampling strategies are critical for surveys of deeper coral reef
and shoal systems due to the significant cost of accessing and field sam-
pling these remote and poorly understood ecosystems. Additionally, well-
established standard diver-based sampling techniques used in shallow reef
systems are not feasible at greater depths. In this study, we develop a Bayesian
design strategy to optimise sampling for a shoal deep reef system using three
years of pilot data. Bayesian designs are typically found by maximising the
expectation of a utility function with respect to the joint distribution of the
parameters and the response conditional on an assumed statistical model. Un-
fortunately, specifying such a model a priori is difficult, as knowledge of the
data-generating process is typically incomplete. To overcome this, our ap-
proach focuses on finding Bayesian designs that are robust to unknown model
uncertainty. We achieve this by couching the specified model within a gener-
alised additive modelling framework and formulating prior information that
allows the additive component to capture discrepancies between what is as-
sumed and the underlying data-generating process. The motivation for this is
to enable Bayesian designs to be found under epistemic model uncertainty; a
highly desirable property of Bayesian designs. Initially, we demonstrate our
approach with an exemplar design problem, deriving a theoretical result to ex-
plore the properties of optimal designs. We then apply this approach to design
future monitoring of submerged shoals off the north-west coast of Australia
to improve current monitoring practices.
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REGULARIZED SCALAR-ON-FUNCTION REGRESSION ANALYSIS TO
ASSESS FUNCTIONAL ASSOCIATION OF CRITICAL PHYSICAL ACTIVITY

WINDOW WITH BIOLOGICAL AGE

BY MARGARET BANKERa, LEYAO ZHANGb AND PETER X. K. SONGc

Department of Biostatistics, University of Michigan, ambanker@umich.edu, bleyaozh@umich.edu, cpxsong@umich.edu

Accelerometry data enables scientists to extract personal digital features
useful in precision health decision making. Existing analytic methods often
begin with discretizing physical activity (PA) counts into activity categories
via fixed cutoffs; however, the cutoffs are validated under restricted settings
and cannot be generalized across studies. Here we develop a data-driven
approach to overcome this bottleneck in the analysis of PA data in which
we holistically summarize an individual’s PA profile using occupation-time
curves that describe the percentage of time spent at or above a continuum
of activity levels. The resulting functional curve is informative to capture
time-course individual variability of PA. We investigate functional analytics
under an L0 regularization approach, which handles highly correlated micro-
activity windows that serve as predictors in a scalar-on-function regression
model. We develop a new one-step method that simultaneously conducts fu-
sion via change-point detection and parameter estimation through a new L0
constraint formulation, which is evaluated via simulation experiments and a
data analysis assessing the influence of PA on biological aging.
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Causal inference with spatial environmental data is often challenging due
to the presence of interference: outcomes for observational units depend on
some combination of local and nonlocal treatment. This is especially relevant
when estimating the effect of power plant emissions controls on population
health, as pollution exposure is dictated by: (i) the location of point-source
emissions as well as (ii) the transport of pollutants across space via dynamic
physical-chemical processes. In this work we estimate the effectiveness of
air quality interventions at coal-fired power plants in reducing two adverse
health outcomes in Texas in 2016: pediatric asthma ED visits and Medicare
all-cause mortality. We develop methods for causal inference with interfer-
ence when the underlying network structure is not known with certainty and
instead must be estimated from ancillary data. Notably, uncertainty in the
interference structure is propagated to the resulting causal effect estimates.
We offer a Bayesian, spatial mechanistic model for the interference mapping,
which we combine with a flexible nonparametric outcome model to marginal-
ize estimates of causal effects over uncertainty in the structure of interference.
Our analysis finds some evidence that emissions controls at upwind power
plants reduce asthma ED visits and all-cause mortality; however, accounting
for uncertainty in the interference renders the results largely inconclusive.

REFERENCES

ARONOW, P. M. and SAMII, C. (2017). Estimating average causal effects under general interference, with appli-
cation to a social network experiment. Ann. Appl. Stat. 11 1912–1947. MR3743283 https://doi.org/10.1214/
16-AOAS1005

AUSTIN, P. C. (2009). Balance diagnostics for comparing the distribution of baseline covariates between treat-
ment groups in propensity-score matched samples. Stat. Med. 28 3083–3107. MR2750408 https://doi.org/10.
1002/sim.3697

AUSTIN, P. C. (2019). Assessing covariate balance when using the generalized propensity score with quantita-
tive or continuous exposures. Stat. Methods Med. Res. 28 1365–1377. MR3941081 https://doi.org/10.1177/
0962280218756159

BASSE, G. and FELLER, A. (2018). Analyzing two-stage experiments in the presence of interference. J. Amer.
Statist. Assoc. 113 41–55. MR3803438 https://doi.org/10.1080/01621459.2017.1323641

BLANGIARDO, M., FINAZZI, F. and CAMELETTI, M. (2016). Two-stage Bayesian model to evaluate the effect
of air pollution on chronic respiratory diseases using drug prescriptions: Environmental exposure and health.
Spat. Spatio-Tempor. Epidemiol. 18 1–12.

BUONOCORE, J. J., DONG, X., SPENGLER, J. D., FU, J. S. and LEVY, J. I. (2014). Using the Community
Multiscale Air Quality (CMAQ) model to estimate public health impacts of PM2.5 from individual power
plants. Environ. Int. 68 200–208.

CASEY, J. A., SU, J. G., HENNEMAN, L. R. F., ZIGLER, C., NEOPHYTOU, A. M., CATALANO, R.,
GONDALIA, R., CHEN, Y.-T., KAYE, L. et al. (2020). Improved asthma outcomes observed in the vicinity of
coal power plant retirement, retrofit and conversion to natural gas. Nat. Energy 5 398–408.

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

CLIFF, A. D. and ORD, J. K. (1981). Spatial Processes: Models & Applications. Pion Ltd., London. MR0632256

Key words and phrases. Causal inference, interference, air pollution, mechanistic models, BART.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1904
https://doi.org/10.1214/24-AOAS1904
http://www.imstat.org
http://www.imstat.org
mailto:nathan-wikle@uiowa.edu
mailto:nathan-wikle@uiowa.edu
mailto:corwin_zigler@brown.edu
mailto:corwin_zigler@brown.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3743283
https://mathscinet.ams.org/mathscinet-getitem?mr=3743283
https://doi.org/10.1214/16-AOAS1005
https://doi.org/10.1214/16-AOAS1005
https://mathscinet.ams.org/mathscinet-getitem?mr=2750408
https://mathscinet.ams.org/mathscinet-getitem?mr=2750408
https://doi.org/10.1002/sim.3697
https://doi.org/10.1002/sim.3697
https://mathscinet.ams.org/mathscinet-getitem?mr=3941081
https://mathscinet.ams.org/mathscinet-getitem?mr=3941081
https://doi.org/10.1177/0962280218756159
https://doi.org/10.1177/0962280218756159
https://mathscinet.ams.org/mathscinet-getitem?mr=3803438
https://mathscinet.ams.org/mathscinet-getitem?mr=3803438
https://doi.org/10.1080/01621459.2017.1323641
https://doi.org/10.1080/01621459.2017.1323641
https://mathscinet.ams.org/mathscinet-getitem?mr=2758172
https://mathscinet.ams.org/mathscinet-getitem?mr=2758172
https://doi.org/10.1214/09-AOAS285
https://doi.org/10.1214/09-AOAS285
https://mathscinet.ams.org/mathscinet-getitem?mr=0632256
https://mathscinet.ams.org/mathscinet-getitem?mr=0632256


COMESS, S., CHANG, H. H. and WARREN, J. L. (2024). A Bayesian framework for incorporating expo-
sure uncertainty into health analyses with application to air pollution and stillbirth. Biostatistics 25 20–39.
MR4678529 https://doi.org/10.1093/biostatistics/kxac034

COX, D. R. (1958). Planning of Experiments. A Wiley Publication in Applied Statistics. Wiley, New York.
MR0095561

CULLIS, C. F. and HIRSCHLER, M. M. (1980). Atmospheric sulphur: Natural and man-made sources. Atmos.
Environ. 14 1263–1278.

DÍAZ MUÑOZ, I. and VAN DER LAAN, M. (2012). Population intervention causal effects based on stochastic
interventions. Biometrics 68 541–549. MR2959621 https://doi.org/10.1111/j.1541-0420.2011.01685.x

DIGGLE, P. and ELLIOTT, P. (1995). Disease risk near point sources: Statistical issues for analyses using individ-
ual or spatially aggregated data. J. Epidemiol. Community Health 49 S20–S27.

DOMINICI, F., GREENSTONE, M. and SUNSTEIN, C. R. (2014). Science and regulation. Particulate matter mat-
ters. Science 344 257–259. https://doi.org/10.1126/science.1247348

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

DOUDCHENKO, N., ZHANG, M., DRYNKIN, E., AIROLDI, E., MIRROKNI, V. and POUGET-ABADIE, J. (2020).
Causal inference with bipartite designs.

FOLEY, K. M., NAPELENOK, S. L., JANG, C., PHILLIPS, S., HUBBELL, B. J. and FULCHER, C. M. (2014).
Two reduced form air quality modeling techniques for rapidly calculating pollutant mitigation potential across
many sources, locations and precursor emission types. Atmos. Environ. 98 283–289.

FONG, C., HAZLETT, C. and IMAI, K. (2018). Covariate balancing propensity score for a continuous treat-
ment: Application to the efficacy of political advertisements. Ann. Appl. Stat. 12 156–177. MR3773389
https://doi.org/10.1214/17-AOAS1101

FORASTIERE, L., AIROLDI, E. M. and MEALLI, F. (2021). Identification and estimation of treatment and in-
terference effects in observational studies on networks. J. Amer. Statist. Assoc. 116 901–918. MR4270033
https://doi.org/10.1080/01621459.2020.1768100

FORASTIERE, L., MEALLI, F. and VANDERWEELE, T. J. (2016). Identification and estimation of causal mech-
anisms in clustered encouragement designs: Disentangling bed nets using Bayesian principal stratification. J.
Amer. Statist. Assoc. 111 510–525. MR3538683 https://doi.org/10.1080/01621459.2015.1125788

FORASTIERE, L., MEALLI, F., WU, A. and AIROLDI, E. M. (2022). Estimating causal effects under network
interference with Bayesian generalized propensity scores. J. Mach. Learn. Res. 23 Paper No. 289. MR4577728

GARCIA, E., RICE, M. B. and GOLD, D. R. (2021). Air pollution and lung function in children. J. Allergy Clin.
Immunol. 148 1–14. https://doi.org/10.1016/j.jaci.2021.05.006

GUAN, Y., JOHNSON, M. C., KATZFUSS, M., MANNSHARDT, E., MESSIER, K. P., REICH, B. J. and
SONG, J. J. (2020). Fine-scale spatiotemporal air pollution analysis using mobile monitors on Google Street
View vehicles. J. Amer. Statist. Assoc. 115 1111–1124. MR4143453 https://doi.org/10.1080/01621459.2019.
1665526

HAHN, P. R., MURRAY, J. S. and CARVALHO, C. M. (2020). Bayesian regression tree models for causal infer-
ence: Regularization, confounding, and heterogeneous effects (with discussion). Bayesian Anal. 15 965–1056.
MR4154846 https://doi.org/10.1214/19-BA1195

HENNEMAN, L., CHOIRAT, C., DEDOUSSI, I., DOMINICI, F., ROBERTS, J. and ZIGLER, C. (2023). Mortality
risk from United States coal electricity generation. Science 382 941–946.

HENNEMAN, L. R. F., CHOIRAT, C., IVEY, C., CUMMISKEY, K. and ZIGLER, C. M. (2019). Characterizing
population exposure to coal emissions sources in the United States using the HyADS model. Atmos. Environ.
203 271–280.

HENNEMAN, L. R. F., CHOIRAT, C. and ZIGLER, C. M. (2019). Accountability assessment of health improve-
ments in the United States associated with reduced coal emissions between 2005 and 2012. Epidemiology 30
477–485.

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

HONG, G. and RAUDENBUSH, S. W. (2006). Evaluating kindergarten retention policy: A case study of causal in-
ference for multilevel observational data. J. Amer. Statist. Assoc. 101 901–910. MR2324091 https://doi.org/10.
1198/016214506000000447

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. and RATKOVIC, M. (2014). Covariate balancing propensity score. J. R. Stat. Soc. Ser. B. Stat. Methodol.
76 243–263. MR3153941 https://doi.org/10.1111/rssb.12027

JACOB, P. E., MURRAY, L. M., HOLMES, C. C. and ROBERT, C. P. (2017). Better together? Statistical learning
in models made of modules.

https://mathscinet.ams.org/mathscinet-getitem?mr=4678529
https://mathscinet.ams.org/mathscinet-getitem?mr=4678529
https://doi.org/10.1093/biostatistics/kxac034
https://doi.org/10.1093/biostatistics/kxac034
https://mathscinet.ams.org/mathscinet-getitem?mr=0095561
https://mathscinet.ams.org/mathscinet-getitem?mr=0095561
https://mathscinet.ams.org/mathscinet-getitem?mr=2959621
https://mathscinet.ams.org/mathscinet-getitem?mr=2959621
https://doi.org/10.1111/j.1541-0420.2011.01685.x
https://doi.org/10.1111/j.1541-0420.2011.01685.x
https://doi.org/10.1126/science.1247348
https://doi.org/10.1126/science.1247348
https://mathscinet.ams.org/mathscinet-getitem?mr=3938963
https://mathscinet.ams.org/mathscinet-getitem?mr=3938963
https://doi.org/10.1214/18-STS667
https://doi.org/10.1214/18-STS667
https://mathscinet.ams.org/mathscinet-getitem?mr=3773389
https://mathscinet.ams.org/mathscinet-getitem?mr=3773389
https://doi.org/10.1214/17-AOAS1101
https://doi.org/10.1214/17-AOAS1101
https://mathscinet.ams.org/mathscinet-getitem?mr=4270033
https://mathscinet.ams.org/mathscinet-getitem?mr=4270033
https://doi.org/10.1080/01621459.2020.1768100
https://doi.org/10.1080/01621459.2020.1768100
https://mathscinet.ams.org/mathscinet-getitem?mr=3538683
https://mathscinet.ams.org/mathscinet-getitem?mr=3538683
https://doi.org/10.1080/01621459.2015.1125788
https://doi.org/10.1080/01621459.2015.1125788
https://mathscinet.ams.org/mathscinet-getitem?mr=4577728
https://mathscinet.ams.org/mathscinet-getitem?mr=4577728
https://doi.org/10.1016/j.jaci.2021.05.006
https://doi.org/10.1016/j.jaci.2021.05.006
https://mathscinet.ams.org/mathscinet-getitem?mr=4143453
https://mathscinet.ams.org/mathscinet-getitem?mr=4143453
https://doi.org/10.1080/01621459.2019.1665526
https://doi.org/10.1080/01621459.2019.1665526
https://mathscinet.ams.org/mathscinet-getitem?mr=4154846
https://mathscinet.ams.org/mathscinet-getitem?mr=4154846
https://doi.org/10.1214/19-BA1195
https://doi.org/10.1214/19-BA1195
https://mathscinet.ams.org/mathscinet-getitem?mr=2816546
https://mathscinet.ams.org/mathscinet-getitem?mr=2816546
https://doi.org/10.1198/jcgs.2010.08162
https://doi.org/10.1198/jcgs.2010.08162
https://mathscinet.ams.org/mathscinet-getitem?mr=2324091
https://mathscinet.ams.org/mathscinet-getitem?mr=2324091
https://doi.org/10.1198/016214506000000447
https://doi.org/10.1198/016214506000000447
https://mathscinet.ams.org/mathscinet-getitem?mr=2435472
https://mathscinet.ams.org/mathscinet-getitem?mr=2435472
https://doi.org/10.1198/016214508000000292
https://doi.org/10.1198/016214508000000292
https://mathscinet.ams.org/mathscinet-getitem?mr=3153941
https://mathscinet.ams.org/mathscinet-getitem?mr=3153941
https://doi.org/10.1111/rssb.12027
https://doi.org/10.1111/rssb.12027


KALNAY, E., KANAMITSU, M. et al. (1996). The NCEP/NCAR 40-year reanalysis project. Bull. Am. Meteorol.
Soc. 77 437–470.

KARWA, V., AIROLDI, E. M. (2018). A systematic investigation of classical causal inference strategies under
mis-specification due to network interference.

LI, X., HAN, J., LIU, Y., DOU, Z. and AN ZHANG, T. (2022). Summary of research progress on industrial flue
gas desulfurization technology. Separation and Purification Technology 281 119849.

LIU, L. and HUDGENS, M. G. (2014). Large sample randomization inference of causal effects in the presence
of interference. J. Amer. Statist. Assoc. 109 288–301. MR3180564 https://doi.org/10.1080/01621459.2013.
844698

MCCLURE, M., GIBSON, R., CHIU, K.-K. and RANGANATH, R. (2017). Identifying potentially induced seis-
micity and assessing statistical significance in Oklahoma and California. J. Geophys. Res., Solid Earth 122
2153–2172.

MURRAY, J. S. (2021). Log-linear Bayesian additive regression trees for multinomial logistic and count regression
models. J. Amer. Statist. Assoc. 116 756–769. MR4270022 https://doi.org/10.1080/01621459.2020.1813587

OHNISHI, Y., KARMAKAR, B. and SABBAGHI, A. (2023). Degree of interference: A general framework for
causal inference under interference.

ORELLANO, P., REYNOSO, J. and QUARANTA, N. (2021). Short-term exposure to sulphur dioxide (SO. Environ.
Int. 150 106434. https://doi.org/10.1016/j.envint.2021.106434

PEREZ-HEYDRICH, C., HUDGENS, M. G., HALLORAN, M. E., CLEMENS, J. D., ALI, M. and EMCH, M. E.
(2014). Assessing effects of cholera vaccination in the presence of interference. Biometrics 70 734–744.
MR3261790 https://doi.org/10.1111/biom.12184

PLUMMER, M. (2015). Cuts in Bayesian graphical models. Stat. Comput. 25 37–43. MR3304902
https://doi.org/10.1007/s11222-014-9503-z

POLLMANN, M. (2023). Causal inference for spatial treatments.
POPE, C. A., EZZATI, M. and DOCKERY, D. W. (2009). Fine-particulate air pollution and life expectancy in the

United States. N. Engl. J. Med. 360 376–386. https://doi.org/10.1056/NEJMsa0805646
QU, Z., XIONG, R., LIU, J. and IMBENS, G. (2022). Efficient treatment effect estimation in observational studies

under heterogeneous partial interference.
RACKAUCKAS, C., MA, Y., MARTENSEN, J., WARNER, C., ZUBOV, K., SUPEKAR, R., SKINNER, D., RA-

MADHAN, A. and EDELMAN, A. (2021). Universal differential equations for scientific machine learning.
REICH, B. J., YANG, S., GUAN, Y., GIFFIN, A. B., MILLER, M. J. and RAPPOLD, A. (2021). A review of

spatial causal inference methods for environmental and epidemiological applications. Int. Stat. Rev. 89 605–
634. MR4411920 https://doi.org/10.1111/insr.12452

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

SÄVJE, F. (2024). Causal inference with misspecified exposure mappings: Separating definitions and assump-
tions. Biometrika 111 1–15. MR4704553 https://doi.org/10.1093/biomet/asad019

SOBEL, M. E. (2006). What do randomized studies of housing mobility demonstrate?: Causal inference
in the face of interference. J. Amer. Statist. Assoc. 101 1398–1407. MR2307573 https://doi.org/10.1198/
016214506000000636

TCHETGEN TCHETGEN, E. J. and VANDERWEELE, T. J. (2012). On causal inference in the presence of inter-
ference. Stat. Methods Med. Res. 21 55–75. MR2867538 https://doi.org/10.1177/0962280210386779

THCIC (2022). Texas Hospital Emergency Department Research Data File. Available at
https://www.dshs.texas.gov/thcic/Texas-Hospital-Emergency-Department-Research-Data-File-(ED-RDF)/.

UDS MAPPER (2022). UDS Mapper: ZIP Code to ZCTA Crosswalk. Available at https://udsmapper.org/zip-code-
to-zcta-crosswalk/.

UHLENBECK, G. E. and ORNSTEIN, L. S. (1930). On the theory of the Brownian motion. Phys. Rev. 36 823–841.
US EPA (2003). Latest Findings on National Air Quality: 2002 Status and Trends. Available at

https://www.epa.gov/air-trends/historical-air-quality-trends-reports.
US EPA (2013). America’s Children and the Environment. Third Edition. Available at

https://www.epa.gov/americaschildrenenvironment/americas-children-and-environment-third-edition.
US EPA (2016). Air Markets Program Data. Available at https://ampd.epa.gov/ampd/.
VAN DONKELAAR, A., MARTIN, R. V., LI, C. and BURNETT, R. T. (2019). Regional estimates of chemical

composition of fine particulate matter using a combined geoscience-statistical method with information from
satellites, models, and monitors. Environ. Sci. Technol. 53 2595–2611.

VAN DER LAAN, M. J. (2014). Causal inference for a population of causally connected units. J. Causal Inference
2 13–74. MR4289412 https://doi.org/10.1515/jci-2013-0002

WANG, Y., SAMII, C., CHANG, H. and ARONOW, P. M. (2023). Design-based inference for spatial experiments
under unknown interference.

https://mathscinet.ams.org/mathscinet-getitem?mr=3180564
https://mathscinet.ams.org/mathscinet-getitem?mr=3180564
https://doi.org/10.1080/01621459.2013.844698
https://doi.org/10.1080/01621459.2013.844698
https://mathscinet.ams.org/mathscinet-getitem?mr=4270022
https://mathscinet.ams.org/mathscinet-getitem?mr=4270022
https://doi.org/10.1080/01621459.2020.1813587
https://doi.org/10.1080/01621459.2020.1813587
https://doi.org/10.1016/j.envint.2021.106434
https://doi.org/10.1016/j.envint.2021.106434
https://mathscinet.ams.org/mathscinet-getitem?mr=3261790
https://mathscinet.ams.org/mathscinet-getitem?mr=3261790
https://doi.org/10.1111/biom.12184
https://doi.org/10.1111/biom.12184
https://mathscinet.ams.org/mathscinet-getitem?mr=3304902
https://mathscinet.ams.org/mathscinet-getitem?mr=3304902
https://doi.org/10.1007/s11222-014-9503-z
https://doi.org/10.1007/s11222-014-9503-z
https://doi.org/10.1056/NEJMsa0805646
https://doi.org/10.1056/NEJMsa0805646
https://mathscinet.ams.org/mathscinet-getitem?mr=4411920
https://mathscinet.ams.org/mathscinet-getitem?mr=4411920
https://doi.org/10.1111/insr.12452
https://doi.org/10.1111/insr.12452
https://mathscinet.ams.org/mathscinet-getitem?mr=0899519
https://mathscinet.ams.org/mathscinet-getitem?mr=0899519
https://doi.org/10.1002/9780470316696
https://doi.org/10.1002/9780470316696
https://mathscinet.ams.org/mathscinet-getitem?mr=4704553
https://mathscinet.ams.org/mathscinet-getitem?mr=4704553
https://doi.org/10.1093/biomet/asad019
https://doi.org/10.1093/biomet/asad019
https://mathscinet.ams.org/mathscinet-getitem?mr=2307573
https://mathscinet.ams.org/mathscinet-getitem?mr=2307573
https://doi.org/10.1198/016214506000000636
https://doi.org/10.1198/016214506000000636
https://mathscinet.ams.org/mathscinet-getitem?mr=2867538
https://mathscinet.ams.org/mathscinet-getitem?mr=2867538
https://doi.org/10.1177/0962280210386779
https://doi.org/10.1177/0962280210386779
https://www.dshs.texas.gov/thcic/Texas-Hospital-Emergency-Department-Research-Data-File-(ED-RDF)/
https://www.dshs.texas.gov/thcic/Texas-Hospital-Emergency-Department-Research-Data-File-(ED-RDF)/
https://udsmapper.org/zip-code-to-zcta-crosswalk/
https://udsmapper.org/zip-code-to-zcta-crosswalk/
https://www.epa.gov/air-trends/historical-air-quality-trends-reports
https://www.epa.gov/air-trends/historical-air-quality-trends-reports
https://www.epa.gov/americaschildrenenvironment/americas-children-and-environment-third-edition
https://www.epa.gov/americaschildrenenvironment/americas-children-and-environment-third-edition
https://ampd.epa.gov/ampd/
https://ampd.epa.gov/ampd/
https://mathscinet.ams.org/mathscinet-getitem?mr=4289412
https://mathscinet.ams.org/mathscinet-getitem?mr=4289412
https://doi.org/10.1515/jci-2013-0002
https://doi.org/10.1515/jci-2013-0002


WEHNER, M. (2023). Connecting extreme weather events to climate change. Phys. Today 76 40–46.
WIKLE, C. K. and HOOTEN, M. B. (2010). A general science-based framework for dynamical spatio-temporal

models. TEST 19 417–451. MR2745992 https://doi.org/10.1007/s11749-010-0209-z
WIKLE, N. B., HANKS, E. M., HENNEMAN, L. R. F. and ZIGLER, C. M. (2022). A mechanistic model

of annual sulfate concentrations in the United States. J. Amer. Statist. Assoc. 117 1082–1093. MR4480692
https://doi.org/10.1080/01621459.2022.2027774

WIKLE, N. B. and ZIGLER, C. M. (2024). Supplement to “Causal health impacts of power plant emission con-
trols under modeled and uncertain physical process interference.” https://doi.org/10.1214/24-AOAS1904SUPP

XIA, Y., ZHANG, M., TSANG, D. C. W., GENG, N., LU, D., ZHU, L., IGALAVITHANA, A. D., DIS-
SANAYAKE, P. D., RINKLEBE, J. et al. (2020). Recent advances in control technologies for non-point source
pollution with nitrogen and phosphorous from agricultural runoff: Current practices and future prospects. Ap-
plied Biological Chemistry 63.

ZHANG, S., SHIH, Y.-C. T. and MÜLLER, P. (2007). A spatially-adjusted Bayesian additive regression tree
model to merge two datasets. Bayesian Anal. 2 611–633. MR2342177 https://doi.org/10.1214/07-BA224

ZIGLER, C., LIU, V., MEALLI, F. and FORASTIERE, L. (2023). Bipartite interference and air pollution transport:
Estimating health effects of power plant interventions.

ZIGLER, C. M. and PAPADOGEORGOU, G. (2021). Bipartite causal inference with interference. Statist. Sci. 36
109–123. MR4194206 https://doi.org/10.1214/19-STS749

https://mathscinet.ams.org/mathscinet-getitem?mr=2745992
https://mathscinet.ams.org/mathscinet-getitem?mr=2745992
https://doi.org/10.1007/s11749-010-0209-z
https://doi.org/10.1007/s11749-010-0209-z
https://mathscinet.ams.org/mathscinet-getitem?mr=4480692
https://mathscinet.ams.org/mathscinet-getitem?mr=4480692
https://doi.org/10.1080/01621459.2022.2027774
https://doi.org/10.1080/01621459.2022.2027774
https://doi.org/10.1214/24-AOAS1904SUPP
https://doi.org/10.1214/24-AOAS1904SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=2342177
https://mathscinet.ams.org/mathscinet-getitem?mr=2342177
https://doi.org/10.1214/07-BA224
https://doi.org/10.1214/07-BA224
https://mathscinet.ams.org/mathscinet-getitem?mr=4194206
https://mathscinet.ams.org/mathscinet-getitem?mr=4194206
https://doi.org/10.1214/19-STS749
https://doi.org/10.1214/19-STS749


The Annals of Applied Statistics
2024, Vol. 18, No. 4, 2775–2795
https://doi.org/10.1214/24-AOAS1905
© Institute of Mathematical Statistics, 2024

A NEW MULTIPLE-MEDIATOR MODEL MAXIMALLY UNCOVERING THE
MEDIATION PATHWAY: EVALUATING THE ROLE OF NEUROIMAGING

MEASURES IN AGE-RELATED COGNITIVE DECLINE

BY HWIYOUNG LEE1,a
 iD, CHIXIANG CHEN2,c, PETER KOCHUNOV3,d,

L. ELLIOT HONG3,e AND SHUO CHEN1,b

1Maryland Psychiatric Research Center, Department of Psychiatry, University of Maryland School of Medicine, Baltimore,
ahwiyoung.lee@somumaryland.edu, bshuochen@som.umaryland.edu

2Division of Biostatistics and Bioinformatics, Department of Epidemiology and Public Health, University of Maryland School
of Medicine, cchixiang.chen@som.umaryland.edu

3Department of Psychiatry and Behavioral Science, University of Texas Health Science Center Houston,
dpeter.kochunov@uth.tmc.edu, eL.Elliot.Hong@uth.tmc.edu

Aging changes brain functions and structures in a downward trajectory
and consequently leads to a decline in neurocognitive performance. Our re-
search is motivated by understanding whether and to what extent the age-
effect on cognitive decline can be explained by neuroimaging measures. We
consider a new mediation model with age as an independent variable, while
treating neuroimaging data and cognitive function as the multiple mediators
and outcome, respectively. Given that the brain is the primary organ responsi-
ble for cognitive function, it is neurobiologically intuitive that the age-related
decline in cognition is largely mediated through neuroimaging measures. Ad-
ditionally, cognitive function is localized to certain regions of the brain rather
than being a function of the entire brain. Taking these factors into account,
we propose a novel mediation model with multiple mediators that aims to
maximally uncover the mediation pathway while simultaneously identifying
active neuroimaging mediators by imposing an �1 penalty and �2 constraint.
We develop a computationally efficient algorithm to handle the nonconvex
optimization problem of penalized mediation proportion maximization. We
apply our method to a data example of 37,441 participants of UK Biobank
with cortical gray-matter thickness and white-matter integrity measures and
cognitive performance scores. Our results show that the mediation effect of
brain-imaging variables can explain 97% of age-related cognitive decline.
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To optimize personalized treatment strategies and extend patients’ sur-
vival times, it is critical to accurately predict patients’ prognoses at all stages,
from disease diagnosis to follow-up visits. The longitudinal biomarker mea-
surements during visits are essential for this prediction purpose. Patients’
ultimate concerns are cure and survival. However, in many situations there
is no clear biomarker indicator for cure. We propose a comprehensive joint
model of longitudinal and survival data and a landmark cure model, incorpo-
rating proportions of potentially cured patients. The survival distributions in
the joint and landmark models are specified through flexible hazard functions
with the proportional hazards as a special case, allowing other patterns such as
crossing hazard and survival functions. Formulas are provided for predicting
each individual’s probabilities of future cure and survival at any time point
based on his or her current biomarker history. Simulations show that, with
these comprehensive and flexible properties, the proposed cure models out-
perform standard cure models in terms of predictive performance, measured
by the time-dependent area under the curve of receiver operating character-
istic, Brier score, and integrated Brier score. The use and advantages of the
proposed models are illustrated by their application to a study of patients with
chronic myeloid leukemia.
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NEURAL NETWORKS FOR EXTREME QUANTILE REGRESSION WITH AN
APPLICATION TO FORECASTING OF FLOOD RISK

BY OLIVIER C. PASCHEa AND SEBASTIAN ENGELKEb
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Risk assessment for extreme events requires accurate estimation of high
quantiles that go beyond the range of historical observations. When the risk
depends on the values of observed predictors, regression techniques are used
to interpolate in the predictor space. We propose the EQRN model that com-
bines tools from neural networks and extreme value theory into a method
capable of extrapolation in the presence of complex predictor dependence.
Neural networks can naturally incorporate additional structure in the data. We
develop a recurrent version of EQRN that is able to capture complex sequen-
tial dependence in time series. We apply this method to forecast flood risk
in the Swiss Aare catchment. It exploits information from multiple covari-
ates in space and time to provide one-day-ahead predictions of return levels
and exceedance probabilities. This output complements the static return level
from a traditional extreme value analysis, and the predictions are able to adapt
to distributional shifts as experienced in a changing climate. Our model can
help authorities to manage flooding more effectively and to minimize their
disastrous impacts through early warning systems.
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Predictive uncertainty quantification is crucial for reliable decision-
making in various applied domains. Bayesian neural networks offer a pow-
erful framework for this task. However, defining meaningful priors and en-
suring computational efficiency remain significant challenges, especially for
complex real-world applications. This paper addresses these challenges by
proposing a novel neural adaptive empirical Bayes (NA-EB) framework.
NA-EB leverages a class of implicit generative priors derived from low-
dimensional distributions. This allows for efficient handling of complex data
structures and effective capture of underlying relationships in real-world
datasets. The proposed NA-EB framework combines variational inference
with a gradient ascent algorithm. This enables simultaneous hyperparame-
ter selection and approximation of the posterior distribution, leading to im-
proved computational efficiency. We establish the theoretical foundation of
the framework through posterior and classification consistency. We demon-
strate the practical applications of our framework through extensive evalua-
tions on a variety of tasks, including the two-spiral problem, regression, 10
UCI datasets, and image classification tasks on both MNIST and CIFAR-10
datasets. The results of our experiments highlight the superiority of our pro-
posed framework over existing methods, such as sparse variational Bayesian
and generative models, in terms of prediction accuracy and uncertainty quan-
tification.
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Personal credits have always been a hot topic in the society. Among all
of them, the evaluation of default risk is particularly concerned since robust
estimation, based on personal information, can both help needy individuals
to get loans and financial institutions to avoid losses. So far, there have been
no good solutions due to limited data, especially default information. With
the advent of the era of big data, it is possible to improve the effectiveness
of estimates by using auxiliary information from external studies or public
domains. However, the individual-level data can not be gained directly be-
cause of the emphasis on data privacy; that is, only some summarized statis-
tics with auxiliary information are allowed to be shared. To effectively utilize
external integrated auxiliary information to improve the accuracy of default
risk estimation, this paper introduces a unified auxiliary information frame-
work, which is referred as enhanced GEE method, to effectively incorporate
various external summary results by employing the generalized estimating
equations (GEE) approach and augmenting a weighted logarithm of confi-
dence density on GEE function. We establish asymptotic properties for the
new method and prove that it can achieve the gain of statistical efficiency
compared to the study-specific estimator without any auxiliary information.
Besides, a low-cost Map-Reduce procedure for the distributed statistical in-
ference of enhanced GEE method in big data is developed that can achieve
the same efficiency as the oracle enhanced GEE approach under mild condi-
tion. This method is demonstrated by an application to predict the loan default
risk of bank customers in Shanghai and shown to be more effective and reli-
able compared with the method based on the own data only. Furthermore, the
superiorities of our approach, especially the construction of the tighter con-
fidence intervals, are also illustrated with extensive simulation studies and a
real personal default risk case.
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EARLY EFFECTS OF 2014 U.S. MEDICAID EXPANSIONS ON MORTALITY:
DESIGN-BASED INFERENCE FOR IMPACTS ON SMALL SUBGROUPS

DESPITE SMALL-CELL SUPPRESSION
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Since 2014, states in the U.S. can choose whether to adopt Medicaid
expansion as part of the Affordable Care Act (ACA), relaxing eligibility re-
quirements. This heterogeneity in policy adoption between states raises the
question—would there be a difference in health outcomes for states that have
not expanded insurance access if they did expand Medicaid eligibility? In this
study we estimate the effect of ACA Medicaid expansion on county-level all-
cause mortality in the U.S. in 2014 overall and for subgroups relevant to the
racial politics surrounding the ACA. We bring a causal approach to this chal-
lenge which emphasizes observational study design, including prespecifying
all analyses, matching counties on pretreatment covariates, and employing
design-based inference.

A challenge facing analyses like this one is gaining access to mortal-
ity outcomes, as statistical agencies in the U.S. and elsewhere suppress cell
counts of 10 or fewer in public use data. We develop a rank-sum test statistic
accommodating outcomes that are coarsened in this way and that lends itself
to design-based inference with county-aggregated data. As applied to impact
analysis of the ACA’s Medicaid expansion, the proposed method’s inferences
from coarsened, publicly available data are substantively the same as those
that would be drawn from the complete, restricted-access data.
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Count data at surveyed sites are an important monitoring tool for sev-
eral species around the world. However, the raw count data are an underesti-
mate of the size of the monitored population at any one time, as individuals
can temporarily leave the site (temporary emigration, TE) and because the
probability of detection of individuals, even when using the site, is typically
much lower than one (observation error). In this paper we develop a novel
modelling framework for estimating population size, from count data, while
accounting for both TE and observation error. Our framework builds on the
popular class of N-mixture models but extends them in a number of ways.
Specifically, we introduce two model classes for TE, a parametric, which re-
lies on temporal models, and a nonparametric, which relies on Dirichlet pro-
cess mixture models. Both model classes give rise to interesting ecological
interpretations of the TE pattern while being parsimonious in terms of the
number of parameters required to model the pattern. When accounting for
observation error, we use mixed-effects models and implement an efficient
Bayesian variable selection algorithm for identifying important predictors for
the probability of detection. We demonstrate our new modelling framework
using an extensive simulation study, which highlights the importance of us-
ing mixed-effects models for the probability of detection and illustrates the
performance of the model when estimating population size and underlying
TE patterns. We also assess the ability of the corresponding variable selec-
tion algorithm to identify important predictors under different scenarios for
observation error and its corresponding model. When fitted to two motivating
data sets of parrots counted at their roosts, our results provide new insights
into how each species uses the roost throughout the year, on changes in pop-
ulation size between and within years, and on observation error.
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NEUBAUER, G., WOLSKA, A., ROWIŃSKI, P. and WESOŁOWSKI, T. (2022). N-mixture models estimate abun-
dance reliably: A field test on Marsh Tit using time-for-space substitution. Condor 124 duab054.

PACIOREK, C. (2009). Technical Vignette 5: Understanding intrinsic Gaussian Markov random field spatial mod-
els, including intrinsic conditional autoregressive models. Technical report.

POLLOCK, K. H. (1982). A capture–recapture design robust to unequal probability of capture. J. Wildl. Manag.
46 752–757.

ROSS, S. R.-J., O’CONNELL, D. P., DEICHMANN, J. L., DESJONQUÈRES, C., GASC, A., PHILLIPS, J. N.,
SETHI, S. S., WOOD, C. M. and BURIVALOVA, Z. (2023). Passive acoustic monitoring provides a fresh
perspective on fundamental ecological questions. Funct. Ecol. 37 959–975.

ROYLE, J. A. (2004). N -mixture models for estimating population size from spatially replicated counts. Biomet-
rics 60 108–115. MR2043625 https://doi.org/10.1111/j.0006-341X.2004.00142.x

SCHMELLER, D. S., HENRY, P.-Y., JULLIARD, R., GRUBER, B., CLOBERT, J., DZIOCK, F., LENGYEL, S.,
NOWICKI, P., DERI, E. et al. (2009). Advantages of volunteer-based biodiversity monitoring in Europe. Con-
serv. Biol. 23 307–316.

TEH, Y. W., JORDAN, M. I., BEAL, M. J. and BLEI, D. M. (2004). Sharing clusters among related groups:
Hierarchical Dirichlet processes. In Advances in Neural Information Processing Systems 17.

THOMAS, C. D. (2013). Local diversity stays about the same, regional diversity increases, and global diversity
declines. Proc. Natl. Acad. Sci. USA 110 19187–19188.

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

WADE, S. and GHAHRAMANI, Z. (2018). Bayesian cluster analysis: Point estimation and credible balls (with
discussion). Bayesian Anal. 13 559–626. MR3807860 https://doi.org/10.1214/17-BA1073

WATANABE, S. (2010). Asymptotic equivalence of Bayes cross validation and widely applicable information
criterion in singular learning theory. J. Mach. Learn. Res. 11 3571–3594. MR2756194

WEST, M. and ESCOBAR, M. D. (1993). Hierarchical priors and mixture models, with application in regression
and density estimation. Institute of Statistics and Decision Sciences, Duke Univ.

WILLIAMS, B. K., NICHOLS, J. D. and CONROY, M. J. (2002). Analysis and Management of Animal Popula-
tions. Academic Press, San Diego.

XU, X. and GHOSH, M. (2015). Bayesian variable selection and estimation for group lasso. Bayesian Anal. 10
909–936. MR3432244 https://doi.org/10.1214/14-BA929

ZHAO, P. and YU, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res. 7 2541–2563.
MR2274449

ZWERTS, J. A., STEPHENSON, P., MAISELS, F., ROWCLIFFE, M., ASTARAS, C., JANSEN, P. A., VAN DER

WAARDE, J., STERCK, L. E., VERWEIJ, P. A. et al. (2021). Methods for wildlife monitoring in tropical
forests: Comparing human observations, camera traps, and passive acoustic sensors. Conserv. Sci. Pract. 3
e568.

https://doi.org/10.1214/24-AOAS1911SUPPA
https://doi.org/10.1214/24-AOAS1911SUPPA
https://doi.org/10.1214/24-AOAS1911SUPPB
https://doi.org/10.1214/24-AOAS1911SUPPB
https://doi.org/10.1002/ecy.2362
https://doi.org/10.1002/ecy.2362
https://mathscinet.ams.org/mathscinet-getitem?mr=3724978
https://mathscinet.ams.org/mathscinet-getitem?mr=3724978
https://doi.org/10.1214/17-BA1081
https://doi.org/10.1214/17-BA1081
https://mathscinet.ams.org/mathscinet-getitem?mr=0997578
https://mathscinet.ams.org/mathscinet-getitem?mr=0997578
https://mathscinet.ams.org/mathscinet-getitem?mr=1823804
https://mathscinet.ams.org/mathscinet-getitem?mr=1823804
https://doi.org/10.2307/1390653
https://doi.org/10.2307/1390653
https://mathscinet.ams.org/mathscinet-getitem?mr=2043625
https://mathscinet.ams.org/mathscinet-getitem?mr=2043625
https://doi.org/10.1111/j.0006-341X.2004.00142.x
https://doi.org/10.1111/j.0006-341X.2004.00142.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1379242
https://mathscinet.ams.org/mathscinet-getitem?mr=1379242
https://mathscinet.ams.org/mathscinet-getitem?mr=3807860
https://mathscinet.ams.org/mathscinet-getitem?mr=3807860
https://doi.org/10.1214/17-BA1073
https://doi.org/10.1214/17-BA1073
https://mathscinet.ams.org/mathscinet-getitem?mr=2756194
https://mathscinet.ams.org/mathscinet-getitem?mr=2756194
https://mathscinet.ams.org/mathscinet-getitem?mr=3432244
https://mathscinet.ams.org/mathscinet-getitem?mr=3432244
https://doi.org/10.1214/14-BA929
https://doi.org/10.1214/14-BA929
https://mathscinet.ams.org/mathscinet-getitem?mr=2274449
https://mathscinet.ams.org/mathscinet-getitem?mr=2274449


The Annals of Applied Statistics
2024, Vol. 18, No. 4, 2928–2949
https://doi.org/10.1214/24-AOAS1915
© Institute of Mathematical Statistics, 2024

MULTISITE DISEASE ANALYTICS WITH APPLICATIONS TO ESTIMATING
COVID-19 UNDETECTED CASES IN CANADA

BY MATTHEW R. P. PARKER1,a
 iD, JIGUO CAO1,b

 iD, LAURA L. E. COWEN2,d
 iD, LLOYD

T. ELLIOTT1,c
 iD AND JUNLING MA2,e

 iD

1Department of Statistics and Actuarial Sciences, Simon Fraser University, amrparker909@gmail.com, bjiguo_cao@sfu.ca,
clloyde@sfu.ca

2Department of Mathematics and Statistics, University of Victoria, dlcowen@uvic.ca, ejunlingm@uvic.ca

Even with daily case counts, the true scope of the COVID-19 pandemic
in Canada is unknown due to undetected cases. We develop a novel multi-
site disease analytics model which estimates undetected cases using discrete-
valued multivariate time series in the framework of Bayesian hidden Markov
modelling techniques. We apply our multisite model to estimate the pandemic
scope using publicly available disease count data including detected cases, re-
coveries among detected cases, and total deaths. These counts are used to es-
timate the case detection probability, the infection fatality rate through time,
the probability of recovery, and several important population parameters in-
cluding the rate of spread and importation of external cases. We estimate the
total number of active COVID-19 cases per region of Canada for each report-
ing interval. We applied this multisite model Canada-wide to all provinces
and territories, providing an estimate of the total COVID-19 burden for the
90 weeks from 23 April 2020 to 10 February 2022. We also applied this model
to the five health authority regions of British Columbia, Canada, describing
the pandemic in B.C. over the 31 weeks from 2 April 2020 to 30 October
2020.
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We study the problem of data-driven background estimation, arising in
the search of physics signals predicted by the Standard Model at the Large
Hadron Collider. Our work is motivated by the search for the production of
pairs of Higgs bosons decaying into four bottom quarks. A number of other
physical processes, known as background, also share the same final state.
The data arising in this problem is, therefore, a mixture of unlabeled back-
ground and signal events, and the primary aim of the analysis is to determine
whether the proportion of unlabeled signal events is nonzero. A challenging
but necessary first step is to estimate the distribution of background events.
Past work in this area has determined regions of the space of collider events,
where signal is unlikely to appear and where the background distribution is,
therefore, identifiable. The background distribution can be estimated in these
regions and extrapolated into the region of primary interest using transfer
learning with a multivariate classifier. We build upon this existing approach
in two ways. First, we revisit this method by developing a customized residual
neural network which is tailored to the structure and symmetries of collider
data. Second, we develop a new method for background estimation, based
on the optimal transport problem, which relies on modeling assumptions dis-
tinct from earlier work. These two methods can serve as cross-checks for
each other in particle physics analyses, due to the complementarity of their
underlying assumptions. We compare their performance on simulated double
Higgs boson data.
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Reconstructing three-dimensional (3D) chromatin structure from confor-
mation capture assays (such as Hi-C) is a critical task in computational biol-
ogy, since chromatin spatial architecture plays a vital role in numerous cellu-
lar processes and direct imaging is challenging. Most existing algorithms that
operate on Hi-C contact matrices produce reconstructed 3D configurations in
the form of a polygonal chain. However, none of the methods exploit the fact
that the target solution is a (smooth) curve in 3D: this contiguity attribute is
either ignored or indirectly addressed by imposing spatial constraints that
are challenging to formulate. In this paper we develop both B-spline and
smoothing spline techniques for directly capturing this potentially complex
1D curve. We subsequently combine these techniques with a Poisson model
for contact counts and compare their performance on a real data example.
In addition, motivated by the sparsity of Hi-C contact data, especially when
obtained from single-cell assays, we appreciably extend the class of distri-
butions used to model contact counts. We build a general distribution-based
metric scaling (DBMS) framework from which we develop zero-inflated and
Hurdle Poisson models as well as negative binomial applications. Illustrative
applications make recourse to bulk Hi-C data from IMR90 cells and single-
cell Hi-C data from mouse embryonic stem cells.
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Most businesses impose a supervisory hierarchy on employees to fa-
cilitate management, decision-making, and collaboration, yet routine inter-
employee communication patterns within workplaces tend to emerge more
naturally as a consequence of both supervisory relationships and the needs
of the organization. What then is the relationship between a formal orga-
nizational structure and the emergent communications between its employ-
ees? Understanding the nature of this relationship is critical for the suc-
cessful management of an organization. While scholars of organizational
management have proposed theories relating organizational trees to commu-
nication dynamics, and separately, network scientists have studied the topo-
logical structure of communication patterns in different types of organiza-
tions; existing empirical analyses are both lacking in representativeness and
limited in size. In fact, much of the methodology used to study the rela-
tionship between organizational hierarchy and communication patterns (and
much of what is known about this relationship) comes from analyses of the
Enron email corpus, reflecting a uniquely dysfunctional corporate environ-
ment. In this paper we develop new methodology for assessing the relation-
ship between organizational hierarchy and communication dynamics and ap-
ply it to Microsoft Corporation, currently the highest valued company in the
world, consisting of approximately 200,000 employees divided into 88 teams,
organizational trees rooted at the senior leadership level. This reveals dis-
tinct communication network structures within and between teams. We then
characterize the relationship of routine employee communication patterns to
these team supervisory hierarchies, while empirically evaluating several the-
ories of organizational management and performance. To do so, we propose
new measures of communication reciprocity and new shortest-path distances
for trees to track the frequency of messages passed up, down, and across the
organizational hierarchy. By describing how communication clusters around
the formal organization, we reveal the emergent communication dynamics
between employees and the crucial role of position in the hierarchy.
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We define a model for the joint distribution of multiple continuous la-
tent variables, which includes a model for how their correlations depend on
explanatory variables. This is motivated by and applied to social scientific re-
search questions in the analysis of intergenerational help and support within
families, where the correlations describe reciprocity of help between genera-
tions and complementarity of different kinds of help. We propose an MCMC
procedure for estimating the model which maintains the positive definiteness
of the implied correlation matrices and describe theoretical results which jus-
tify this approach and facilitate efficient implementation of it. The model is
applied to data from the UK Household Longitudinal Study to analyse ex-
changes of practical and financial support between adult individuals and their
noncoresident parents.

REFERENCES

ALBERTINI, M., KOHLI, M. and VOGEL, C. (2007). Intergenerational transfers of time and money in European
families: Common patterns—different regimes? J. Eur. Soc. Policy 17 319–334.

ANDERSON, T. W. (1973). Asymptotically efficient estimation of covariance matrices with linear structure. Ann.
Statist. 1 135–141. MR0331612

ANDRIEU, C. and THOMS, J. (2008). A tutorial on adaptive MCMC. Stat. Comput. 18 343–373. MR2461882
https://doi.org/10.1007/s11222-008-9110-y

ARCHAKOV, I. and HANSEN, P. R. (2021). A new parametrization of correlation matrices. Econometrica 89
1699–1715. MR4325198 https://doi.org/10.3982/ecta16910

ATTIAS-DONFUT, C., OGG, J. and WOLFF, F.-C. (2005). European patterns of intergenerational financial and
time transfers. Eur. J. Ageing 2 161–173. https://doi.org/10.1007/s10433-005-0008-7

BAKK, Z. and KUHA, J. (2018). Two-step estimation of models between latent classes and external variables.
Psychometrika 83 871–892. MR3875886 https://doi.org/10.1007/s11336-017-9592-7

BARNARD, J., MCCULLOCH, R. and MENG, X.-L. (2000). Modeling covariance matrices in terms of standard
deviations and correlations, with application to shrinkage. Statist. Sinica 10 1281–1311. MR1804544

BENGTSON, V. L. (2001). Beyond the nuclear family: The increasing importance of multigenerational bonds.
J. Marriage Fam. 63 1–16.

BONSANG, E. (2007). How do middle-aged children allocate time and money transfers to their older parents in
Europe? Empirica 34 171–188.

CHEN, Z. and DUNSON, D. B. (2003). Random effects selection in linear mixed models. Biometrics 59 762–769.
MR2025100 https://doi.org/10.1111/j.0006-341X.2003.00089.x

CHENG, Y. P., BIRDITT, K. S., ZARIT, S. H. and FINGERMAN, K. L. (2015). Young adults’ provision of support
to middle-aged parents. J. Gerontol., Ser. B 70 407–416.

CHIB, S. and GREENBERG, E. (1998). Analysis of multivariate probit models. Biometrika 85 347–361.
CHIU, T. Y. M., LEONARD, T. and TSUI, K.-W. (1996). The matrix-logarithmic covariance model. J. Amer.

Statist. Assoc. 91 198–210. MR1394074 https://doi.org/10.2307/2291396
DAVEY, A. and EGGEBEEN, D. J. (1998). Patterns of intergenerational exchange and mental health. J. Gerontol.,

Ser. B, Psychol. Sci. Soc. Sci. 53B P86–P95.

Key words and phrases. Bayesian estimation, covariance matrix modelling, item response theory models, pos-
itive definite matrices, two-step estimation.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1921
https://doi.org/10.1214/24-AOAS1921
mailto:slzhang@fem.ecnu.edu.cn
mailto:slzhang@fem.ecnu.edu.cn
mailto:j.kuha@lse.ac.uk
mailto:j.kuha@lse.ac.uk
mailto:f.a.steele@lse.ac.uk
mailto:f.a.steele@lse.ac.uk
https://mathscinet.ams.org/mathscinet-getitem?mr=0331612
https://mathscinet.ams.org/mathscinet-getitem?mr=0331612
https://mathscinet.ams.org/mathscinet-getitem?mr=2461882
https://mathscinet.ams.org/mathscinet-getitem?mr=2461882
https://doi.org/10.1007/s11222-008-9110-y
https://doi.org/10.1007/s11222-008-9110-y
https://mathscinet.ams.org/mathscinet-getitem?mr=4325198
https://mathscinet.ams.org/mathscinet-getitem?mr=4325198
https://doi.org/10.3982/ecta16910
https://doi.org/10.3982/ecta16910
https://doi.org/10.1007/s10433-005-0008-7
https://doi.org/10.1007/s10433-005-0008-7
https://mathscinet.ams.org/mathscinet-getitem?mr=3875886
https://mathscinet.ams.org/mathscinet-getitem?mr=3875886
https://doi.org/10.1007/s11336-017-9592-7
https://doi.org/10.1007/s11336-017-9592-7
https://mathscinet.ams.org/mathscinet-getitem?mr=1804544
https://mathscinet.ams.org/mathscinet-getitem?mr=1804544
https://mathscinet.ams.org/mathscinet-getitem?mr=2025100
https://mathscinet.ams.org/mathscinet-getitem?mr=2025100
https://doi.org/10.1111/j.0006-341X.2003.00089.x
https://doi.org/10.1111/j.0006-341X.2003.00089.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1394074
https://mathscinet.ams.org/mathscinet-getitem?mr=1394074
https://doi.org/10.2307/2291396
https://doi.org/10.2307/2291396


DEINDL, C. and BRANDT, M. (2011). Financial support and practical help between older parents and their
middle-aged children. Ageing Soc. 31 645–62.

EVANDROU, M., FALKINGHAM, J., GOMEZ-LEON, M. and VLACHANTONI, A. (2018). Intergenerational flows
of support between parents and adult children in Britain. Ageing Soc. 38 321–351.

FAN, J., LIAO, Y. and LIU, H. (2016). An overview of the estimation of large covariance and precision matrices.
Econom. J. 19 C1–C32. MR3501529 https://doi.org/10.1111/ectj.12061

GELMAN, A., GILKS, W. R. and ROBERTS, G. O. (1997). Weak convergence and optimal scaling of random walk
Metropolis algorithms. Ann. Appl. Probab. 7 110–120. MR1428751 https://doi.org/10.1214/aoap/1034625254

GHOSH, R. P., MALLICK, B. and POURAHMADI, M. (2021). Bayesian estimation of correlation matrices of
longitudinal data. Bayesian Anal. 16 1039–1058. MR4303878 https://doi.org/10.1214/20-BA1237

GRUNDY, E. (2005). Reciprocity in relationships: Socio-economic and health influences on intergenerational
exchanges between third age parents and their adult children in Great Britain. Br. J. Sociol. 56 233–255.
https://doi.org/10.1111/j.1468-4446.2005.00057.x

HAARIO, H., SAKSMAN, E. and TAMMINEN, J. (2001). An adaptive Metropolis algorithm. Bernoulli 7 223–242.
MR1828504 https://doi.org/10.2307/3318737

HENRETTA, J. C., VOORHIS, M. F. V. and SOLDO, B. J. (2018). Cohort differences in parental financial help to
adult children. Demography 55 1567–1582. https://doi.org/10.1007/s13524-018-0687-2

HOFF, P. D. (2007). Extending the rank likelihood for semiparametric copula estimation. Ann. Appl. Stat. 1 265–
283. MR2393851 https://doi.org/10.1214/07-AOAS107

HOFF, P. D. and NIU, X. (2012). A covariance regression model. Statist. Sinica 22 729–753. MR2954359
https://doi.org/10.5705/ss.2010.051

HOGAN, D. P., EGGEBEEN, D. J. and CLOGG, C. C. (1993). The structure of intergenerational exchanges in
American families. Am. J. Sociol. 98 1428–1458.

HU, J., CHEN, Y., LENG, C. and TANG, C. Y. (2021). Regression analysis of correlations for correlated data.
arXiv preprint. Available at arXiv:2109.05861.

HUININK, J., BRUDERL, J., NAUCK, B., WALPER, S., CASTIGLIONI, L. and FELDHAUS, M. (2011). Panel
analysis of intimate relationships and family dynamics (pairfam): Conceptual framework and design. ZfF, Z.
Fam.forsch. (J. Fam. Res.) 23 77–101.

KIM, K., ZARIT, S. H., EGGEBEEN, D. J., BIRDITT, K. S. and FINGERMAN, K. L. (2011). Discrepancies in
reports of support exchanges between aging parents and their middle-aged children. J. Gerontol., Ser. B 66
527–537.

KUHA, J. and BAKK, Z. (2023). Two-step estimation of latent trait models. arXiv preprint. Available at
arXiv:2303.16101.

KUHA, J., ZHANG, S. and STEELE, F. (2023). Latent variable models for multivariate dyadic data with zero infla-
tion: Analysis of intergenerational exchanges of family support. Ann. Appl. Stat. 17 1521–1542. MR4582723
https://doi.org/10.1214/22-aoas1680

LESTHAEGHE, R. (2014). The second demographic transition: A concise overview of its development. Proc. Natl.
Acad. Sci. USA 111 18112–18115.

LIECHTY, J. C., LIECHTY, M. W. and MÜLLER, P. (2004). Bayesian correlation estimation. Biometrika 91 1–14.
MR2050456 https://doi.org/10.1093/biomet/91.1.1

LITWIN, H. (2004). Intergenerational exchange and mental health in later-life–the case of older Jewish Israelis.
Aging Ment Health 8 196–200. https://doi.org/10.1080/13607860410001669723

LITWIN, H., VOGEL, C., KÜNEMUND, H. and KOHLI, M. (2008). The balance of intergenerational ex-
change: Correlates of net transfers in Germany and Israel. Eur. J. Ageing 5 91–102. https://doi.org/10.1007/
s10433-008-0079-3

LUO, R. and PAN, J. (2022). Conditional generalized estimating equations of mean-variance-correlation for clus-
tered data. Comput. Statist. Data Anal. 168 Paper No. 107386, 15. MR4339572 https://doi.org/10.1016/j.csda.
2021.107386

MANDERMAKERS, J. J. and DYKSTRA, P. A. (2008). Discrepancies in parents’ and adult child’s reports of
support and contact. J. Marriage Fam. 70 495–506.

MUDRAZIJA, S. (2016). Public transfers and the balance of intergenerational family support in Europe. Eur. Soc.
18 336–35.

MURRAY, J. S., DUNSON, D. B., CARIN, L. and LUCAS, J. E. (2013). Bayesian Gaussian copula factor models
for mixed data. J. Amer. Statist. Assoc. 108 656–665. MR3174649 https://doi.org/10.1080/01621459.2012.
762328

MUTHÉN, L. K. and MUTHÉN, B. (2010). Mplus User’s Guide, 6th ed. Muthén & Muthén, Los Angeles, CA.
PAN, J. and MACKENZIE, G. (2006). Regression models for covariance structures in longitudinal studies. Stat.

Model. 6 43–57. MR2226784 https://doi.org/10.1191/1471082X06st105oa
PAN, J. and PAN, Y. (2017). jmcm: An R package for joint mean-covariance modeling of longitudinal data. J. Stat.

Softw. 82 1–29.

https://mathscinet.ams.org/mathscinet-getitem?mr=3501529
https://mathscinet.ams.org/mathscinet-getitem?mr=3501529
https://doi.org/10.1111/ectj.12061
https://doi.org/10.1111/ectj.12061
https://mathscinet.ams.org/mathscinet-getitem?mr=1428751
https://mathscinet.ams.org/mathscinet-getitem?mr=1428751
https://doi.org/10.1214/aoap/1034625254
https://doi.org/10.1214/aoap/1034625254
https://mathscinet.ams.org/mathscinet-getitem?mr=4303878
https://mathscinet.ams.org/mathscinet-getitem?mr=4303878
https://doi.org/10.1214/20-BA1237
https://doi.org/10.1214/20-BA1237
https://doi.org/10.1111/j.1468-4446.2005.00057.x
https://doi.org/10.1111/j.1468-4446.2005.00057.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1828504
https://mathscinet.ams.org/mathscinet-getitem?mr=1828504
https://doi.org/10.2307/3318737
https://doi.org/10.2307/3318737
https://doi.org/10.1007/s13524-018-0687-2
https://doi.org/10.1007/s13524-018-0687-2
https://mathscinet.ams.org/mathscinet-getitem?mr=2393851
https://mathscinet.ams.org/mathscinet-getitem?mr=2393851
https://doi.org/10.1214/07-AOAS107
https://doi.org/10.1214/07-AOAS107
https://mathscinet.ams.org/mathscinet-getitem?mr=2954359
https://mathscinet.ams.org/mathscinet-getitem?mr=2954359
https://doi.org/10.5705/ss.2010.051
https://doi.org/10.5705/ss.2010.051
http://arxiv.org/abs/2109.05861
http://arxiv.org/abs/2109.05861
http://arxiv.org/abs/2303.16101
http://arxiv.org/abs/2303.16101
https://mathscinet.ams.org/mathscinet-getitem?mr=4582723
https://mathscinet.ams.org/mathscinet-getitem?mr=4582723
https://doi.org/10.1214/22-aoas1680
https://doi.org/10.1214/22-aoas1680
https://mathscinet.ams.org/mathscinet-getitem?mr=2050456
https://mathscinet.ams.org/mathscinet-getitem?mr=2050456
https://doi.org/10.1093/biomet/91.1.1
https://doi.org/10.1093/biomet/91.1.1
https://doi.org/10.1080/13607860410001669723
https://doi.org/10.1080/13607860410001669723
https://doi.org/10.1007/s10433-008-0079-3
https://doi.org/10.1007/s10433-008-0079-3
https://mathscinet.ams.org/mathscinet-getitem?mr=4339572
https://mathscinet.ams.org/mathscinet-getitem?mr=4339572
https://doi.org/10.1016/j.csda.2021.107386
https://doi.org/10.1016/j.csda.2021.107386
https://mathscinet.ams.org/mathscinet-getitem?mr=3174649
https://mathscinet.ams.org/mathscinet-getitem?mr=3174649
https://doi.org/10.1080/01621459.2012.762328
https://doi.org/10.1080/01621459.2012.762328
https://mathscinet.ams.org/mathscinet-getitem?mr=2226784
https://mathscinet.ams.org/mathscinet-getitem?mr=2226784
https://doi.org/10.1191/1471082X06st105oa
https://doi.org/10.1191/1471082X06st105oa


PINHEIRO, J. C. and BATES, D. M. (1996). Unconstrained parametrizations for variance-covariance matrices.
Stat. Comput. 6 289–296.

POURAHMADI, M. (1999). Joint mean-covariance models with applications to longitudinal data: Unconstrained
parameterisation. Biometrika 86 677–690. MR1723786 https://doi.org/10.1093/biomet/86.3.677

POURAHMADI, M. (2007). Cholesky decompositions and estimation of a covariance matrix: Orthogonality
of variance-correlation parameters. Biometrika 94 1006–1013. MR2376812 https://doi.org/10.1093/biomet/
asm073

POURAHMADI, M. (2011). Covariance estimation: The GLM and regularization perspectives. Statist. Sci. 26
369–387. MR2917961 https://doi.org/10.1214/11-STS358

ROSSEEL, Y. and LOH, W. W. (2022). A structural after measurement approach to structural equation modeling.
Psychol. Methods. Advance Online Publication. https://dx.doi.org/10.1037/met0000503

ROUSSEEUW, P. J. and MOLENBERGHS, G. (1994). The shape of correlation matrices. Amer. Statist. 48 276–279.
MR1321893 https://doi.org/10.2307/2684832

SHAPIRO, A. (2004). Revisiting the generation gap: Exploring the relationships of parent/adult-child dyads. Int.
J. Aging Hum. Dev. 58 127–146. https://doi.org/10.2190/EVFK-7F2X-KQNV-DH58

SILVERSTEIN, M. and BENGTSON, V. L. (1997). Intergenerational solidarity and the structure of adult child-
parent relationships in American families. Am. J. Sociol. 103 429–460.

SILVERSTEIN, M., CONROY, S. J., WANG, H., GIARRUSSO, R. and BENGTSON, V. L. (2002). Reciprocity in
parent-child relations over the adult life course. J. Gerontol., Ser. B, Psychol. Sci. Soc. Sci. 57B S3–S13.

STEELE, F. and GRUNDY, E. (2021). Random effects dynamic panel models for unequally spaced multivariate
categorical repeated measures: An application to child-parent exchanges of support. J. R. Stat. Soc. Ser. C.
Appl. Stat. 70 3–23. MR4204935 https://doi.org/10.1111/rssc.12446

STEELE, F., ZHANG, S., GRUNDY, E. and BURCHARDT, T. (2024). Longitudinal analysis of exchanges of
support between parents and children in the UK. J. Roy. Statist. Soc. Ser. A 187 279–304. MR4745593
https://doi.org/10.1093/jrsssa/qnad110

STONE, J., BERRINGTON, A. and FALKINGHAM, J. (2011). The changing determinants of UK young adults’
living arrangements. Demogr. Res. 25 629–666.

SUITOR, J. J., GILLIGAN, M., PILLEMER, K., FINGERMAN, K. L., KIM, K., SILVERSTEIN, M. and BENGT-
SON, V. L. (2017). Applying within-family differences approaches to enhance understanding of the complexity
of intergenerational relations. J. Gerontol., Ser. B 73 40–53.

TIERNEY, L. (1994). Markov chains for exploring posterior distributions. Ann. Statist. 22 1701–1728.
MR1329166 https://doi.org/10.1214/aos/1176325750

TIERNEY, L. (1996). Introduction to general state-space Markov chain theory. In Markov Chain Monte Carlo in
Practice. Interdiscip. Statist. 59–74. CRC Press, London. MR1397968

UNIVERSITY OF ESSEX, INSTITUTE FOR SOCIAL AND ECONOMIC RESEARCH, NATCEN SOCIAL RESEARCH

AND KANTAR PUBLIC (2019). Understanding Society: Waves 1–9, 2009-2016 and Harmonised BHPS: Waves
1–18, 1991–2009. [data collection], 12th ed. ed. University of Essex, Institute for Social and Economic Re-
search. UK, Data Service. SN: 6614.

WANG, Y. and DANIELS, M. J. (2013). Bayesian modeling of the dependence in longitudinal data via partial
autocorrelations and marginal variances. J. Multivariate Anal. 116 130–140. MR3049896 https://doi.org/10.
1016/j.jmva.2012.11.010

WILDING, G. E., CAI, X., HUTSON, A. and YU, Z. (2011). A linear model-based test for the heterogeneity
of conditional correlations. J. Appl. Stat. 38 2355–2366. MR2843263 https://doi.org/10.1080/02664763.2011.
559201

WONG, F., CARTER, C. K. and KOHN, R. (2003). Efficient estimation of covariance selection models.
Biometrika 90 809–830. MR2024759 https://doi.org/10.1093/biomet/90.4.809

YAN, J. and FINE, J. (2007). Estimating equations for association structures. Stat. Med. 23 859–874.
ZHANG, S., KUHA, J. and STEELE, F. (2024). Supplement to “Modelling correlation matrices in multi-

variate data, with application to reciprocity and complementarity of child-parent exchanges of support.”
https://doi.org/10.1214/24-AOAS1921SUPPA, https://doi.org/10.1214/24-AOAS1921SUPPB

ZHANG, W. and LENG, C. (2012). A moving average Cholesky factor model in covariance modelling for longi-
tudinal data. Biometrika 99 141–150. MR2899669 https://doi.org/10.1093/biomet/asr068

ZHANG, W., LENG, C. and TANG, C. Y. (2015). A joint modelling approach for longitudinal studies. J. R. Stat.
Soc. Ser. B. Stat. Methodol. 77 219–238. MR3299406 https://doi.org/10.1111/rssb.12065

ZOU, T., LAN, W., LI, R. and TSAI, C.-L. (2022). Inference on covariance-mean regression. J. Econometrics
230 318–338. MR4466727 https://doi.org/10.1016/j.jeconom.2021.05.004

ZOU, T., LAN, W., WANG, H. and TSAI, C.-L. (2017). Covariance regression analysis. J. Amer. Statist. Assoc.
112 266–281. MR3646570 https://doi.org/10.1080/01621459.2015.1131699

ZWIERNIK, P., UHLER, C. and RICHARDS, D. (2017). Maximum likelihood estimation for linear Gaussian
covariance models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 79 1269–1292. MR3689318 https://doi.org/10.1111/
rssb.12217

https://mathscinet.ams.org/mathscinet-getitem?mr=1723786
https://mathscinet.ams.org/mathscinet-getitem?mr=1723786
https://doi.org/10.1093/biomet/86.3.677
https://doi.org/10.1093/biomet/86.3.677
https://mathscinet.ams.org/mathscinet-getitem?mr=2376812
https://mathscinet.ams.org/mathscinet-getitem?mr=2376812
https://doi.org/10.1093/biomet/asm073
https://doi.org/10.1093/biomet/asm073
https://mathscinet.ams.org/mathscinet-getitem?mr=2917961
https://mathscinet.ams.org/mathscinet-getitem?mr=2917961
https://doi.org/10.1214/11-STS358
https://doi.org/10.1214/11-STS358
https://dx.doi.org/10.1037/met0000503
https://dx.doi.org/10.1037/met0000503
https://mathscinet.ams.org/mathscinet-getitem?mr=1321893
https://mathscinet.ams.org/mathscinet-getitem?mr=1321893
https://doi.org/10.2307/2684832
https://doi.org/10.2307/2684832
https://doi.org/10.2190/EVFK-7F2X-KQNV-DH58
https://doi.org/10.2190/EVFK-7F2X-KQNV-DH58
https://mathscinet.ams.org/mathscinet-getitem?mr=4204935
https://mathscinet.ams.org/mathscinet-getitem?mr=4204935
https://doi.org/10.1111/rssc.12446
https://doi.org/10.1111/rssc.12446
https://mathscinet.ams.org/mathscinet-getitem?mr=4745593
https://mathscinet.ams.org/mathscinet-getitem?mr=4745593
https://doi.org/10.1093/jrsssa/qnad110
https://doi.org/10.1093/jrsssa/qnad110
https://mathscinet.ams.org/mathscinet-getitem?mr=1329166
https://mathscinet.ams.org/mathscinet-getitem?mr=1329166
https://doi.org/10.1214/aos/1176325750
https://doi.org/10.1214/aos/1176325750
https://mathscinet.ams.org/mathscinet-getitem?mr=1397968
https://mathscinet.ams.org/mathscinet-getitem?mr=1397968
https://mathscinet.ams.org/mathscinet-getitem?mr=3049896
https://mathscinet.ams.org/mathscinet-getitem?mr=3049896
https://doi.org/10.1016/j.jmva.2012.11.010
https://doi.org/10.1016/j.jmva.2012.11.010
https://mathscinet.ams.org/mathscinet-getitem?mr=2843263
https://mathscinet.ams.org/mathscinet-getitem?mr=2843263
https://doi.org/10.1080/02664763.2011.559201
https://doi.org/10.1080/02664763.2011.559201
https://mathscinet.ams.org/mathscinet-getitem?mr=2024759
https://mathscinet.ams.org/mathscinet-getitem?mr=2024759
https://doi.org/10.1093/biomet/90.4.809
https://doi.org/10.1093/biomet/90.4.809
https://doi.org/10.1214/24-AOAS1921SUPPA
https://doi.org/10.1214/24-AOAS1921SUPPA
https://doi.org/10.1214/24-AOAS1921SUPPB
https://doi.org/10.1214/24-AOAS1921SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=2899669
https://mathscinet.ams.org/mathscinet-getitem?mr=2899669
https://doi.org/10.1093/biomet/asr068
https://doi.org/10.1093/biomet/asr068
https://mathscinet.ams.org/mathscinet-getitem?mr=3299406
https://mathscinet.ams.org/mathscinet-getitem?mr=3299406
https://doi.org/10.1111/rssb.12065
https://doi.org/10.1111/rssb.12065
https://mathscinet.ams.org/mathscinet-getitem?mr=4466727
https://mathscinet.ams.org/mathscinet-getitem?mr=4466727
https://doi.org/10.1016/j.jeconom.2021.05.004
https://doi.org/10.1016/j.jeconom.2021.05.004
https://mathscinet.ams.org/mathscinet-getitem?mr=3646570
https://mathscinet.ams.org/mathscinet-getitem?mr=3646570
https://doi.org/10.1080/01621459.2015.1131699
https://doi.org/10.1080/01621459.2015.1131699
https://mathscinet.ams.org/mathscinet-getitem?mr=3689318
https://mathscinet.ams.org/mathscinet-getitem?mr=3689318
https://doi.org/10.1111/rssb.12217
https://doi.org/10.1111/rssb.12217


The Annals of Applied Statistics
2024, Vol. 18, No. 4, 3050–3070
https://doi.org/10.1214/24-AOAS1922
© Institute of Mathematical Statistics, 2024

BAYESIAN HIDDEN MARKOV MODEL FOR NATURAL HISTORY OF
COLORECTAL CANCER: HANDLING MISCLASSIFIED OBSERVATIONS,

VARYING OBSERVATION SCHEMES AND UNOBSERVED DATA
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Statistical modelling of individual-level event history data arising from
varying observation schemes is a challenging problem, particularly due to
unobserved and possibly misclassified individual states. Commonly used ap-
proaches rely on the hidden Markov models (HMM) to incorporate true
underlying states. Each approach needs to account for the underlying data
generating process and related external information and requires assump-
tions for estimation. This article develops a Bayesian HMM for natural his-
tory of colorectal cancer (CRC), combining data on latent disease states
from randomised screening study and on observed clinical cancers from the
population-based cancer registry. With our modelling approach and study de-
sign, we are able to provide estimates for latent state occupancy probabilities
not only for screening-attenders but also for the control group and those who
never attended screening—despite data on latent states only existing for the
attenders. We use simulation-based calibration to ensure that posterior dis-
tributions can be reliably estimated despite the challenges brought in by the
sampling scheme. We apply Bayesian computation to obtain posterior esti-
mates of the quantities of interest. Two algorithms, Hamiltonian Monte Carlo
(HMC) and Automatic Differentiation Variational Inference (ADVI), are ap-
plied and compared, first by using simulated data and then with a real data
set. The modelling workflow can be applied for different cancer screening
programmes and datasets which typically have similar challenges.
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Marine mammals are increasingly vulnerable to human disturbance and
climate change. Their diving behavior leads to limited visual access during
data collection, making studying the abundance and distribution of marine
mammals challenging. In theory, using data from more than one observation
modality should lead to better informed predictions of abundance and dis-
tribution. With focus on North Atlantic right whales, we consider the fusion
of two data sources to inform about their abundance and distribution. The
first source is aerial distance sampling, which provides the spatial locations
of whales detected in the region. The second source is passive acoustic mon-
itoring (PAM), returning calls received at hydrophones placed on the ocean
floor. Due to limited time on the surface and detection limitations arising from
sampling effort, aerial distance sampling only provides a partial realization of
locations. With PAM we never observe numbers or locations of individuals.
To address these challenges, we develop a novel thinned point pattern data
fusion. Our approach leads to improved inference regarding abundance and
distribution of North Atlantic right whales throughout Cape Cod Bay, Mas-
sachusetts in the U.S. We demonstrate performance gains of our approach
compared to that from a single source through both simulation and real data.
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BAYESIAN MODELING OF INSURANCE CLAIMS FOR HAIL DAMAGE
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Despite its importance for insurance, there is almost no literature on sta-
tistical hail damage modeling. Statistical models for hailstorms exist, though
they are generally not open-source, but no study appears to have developed
a stochastic hail impact function. In this paper we use hail-related insurance
claim data to build a Gaussian line process with extreme marks in order to
model both the geographical footprint of a hailstorm and the damage to build-
ings that hailstones can cause. We build a model for the claim counts and
claim values, and compare it to the use of a benchmark deterministic hail im-
pact function. Our model proves to be better than the benchmark at capturing
hail spatial patterns and allows for localized and extreme damage, which is
seen in the insurance data. The evaluation of both the claim counts and value
predictions shows that performance is improved compared to the benchmark,
especially for extreme damage. Our model appears to be the first to provide
realistic estimates for hail damage to individual buildings.
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Injuries to the lower extremity joints are often debilitating, particularly
for professional athletes. Understanding the onset of stressful conditions on
these joints is, therefore, important in order to ensure prevention of injuries as
well as individualised training for enhanced athletic performance. We study
the biomechanical joint angles from the hip, knee and ankle for runners who
are experiencing fatigue. The data is cyclic in nature and densely collected by
body-worn sensors, which makes it ideal to work with in the functional data
analysis (FDA) framework.

We develop a new method for multiple change point detection for func-
tional data, which improves the state of the art with respect to at least two
novel aspects. First, the curves are compared with respect to their maximum
absolute deviation, which leads to a better interpretation of local changes in
the functional data compared to classical L2-approaches. Second, as slight
aberrations are to be often expected in a human movement data, our method
will not detect arbitrarily small changes but hunts for relevant changes, where
maximum absolute deviation between the curves exceeds a specified thresh-
old, say � > 0. We recover multiple changes in a long functional time series
of biomechanical knee angle data, which are larger than the desired thresh-
old �, allowing us to identify changes purely due to fatigue. In this work we
analyse data from both controlled indoor as well as from an uncontrolled out-
door (marathon) setting.
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UTILIZING A CAPTURE–RECAPTURE STRATEGY TO ACCELERATE
INFECTIOUS DISEASE SURVEILLANCE
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Monitoring key elements of disease dynamics (e.g., prevalence, case
counts) is of great importance in infectious disease prevention and control,
as emphasized during the COVID-19 pandemic. To facilitate this effort, we
propose a new capture–recapture (CRC) analysis strategy that adjusts for mis-
classification stemming from the use of easily administered but imperfect di-
agnostic test kits, such as rapid antigen test-kits or saliva tests. Our method
is based on a recently proposed “anchor stream” design, whereby an exist-
ing voluntary surveillance data stream is augmented by a smaller and judi-
ciously drawn random sample. It incorporates manufacturer-specified sensi-
tivity and specificity parameters to account for imperfect diagnostic results in
one or both data streams. For inference to accompany case count estimation,
we improve upon traditional Wald-type confidence intervals by developing
an adapted Bayesian credible interval for the CRC estimator that yields fa-
vorable frequentist coverage properties. When feasible, the proposed design
and analytic strategy provides a more efficient solution than traditional CRC
methods or random sampling-based bias-corrected estimation to monitor dis-
ease prevalence while accounting for misclassification. We demonstrate the
benefits of this approach through simulation studies and a numerical example
that underscore its potential utility in practice for economical disease moni-
toring among a registered closed population.
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A BAYESIAN MODEL OF UNDERREPORTING FOR SEXUAL ASSAULT ON
COLLEGE CAMPUSES
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In an effort to quantify and combat sexual assault, U.S. colleges and
universities are required to disclose the number of reported sexual assaults
on their campuses each year. However, many instances of sexual assault are
never reported to authorities, and consequently, the number of reported as-
saults does not fully reflect the true total number of assaults that occurred;
the reported values could arise from many combinations of reporting rate and
true incidence. In this paper we estimate these underlying quantities via a
hierarchical Bayesian model of the reported number of assaults. We use in-
formative priors, based on national crime statistics, to act as a tiebreaker to
help distinguish between reporting rates and incidence. We outline a Hamilto-
nian Monte Carlo (HMC) sampling scheme for posterior inference regarding
reporting rates and assault incidence at each school and apply this method to
campus sexual assault data from 2014–2019. Results suggest an increasing
trend in reporting rates for the overall college population during this time.
However, the extent of underreporting varies widely across schools. That
variation has implications for how individual schools should interpret their
reported crime statistics.
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Mental health diseases which affect children’s lives and well-beings have
received increased attention since the COVID-19 pandemic. Analyzing psy-
chiatric clinical notes with topic models is critical to evaluating children’s
mental status over time. However, few topic models are built for longitudinal
settings, and most existing approaches fail to capture temporal trajectories
for each document. To address these challenges, we develop a dynamic topic
model with consistent topics and individualized temporal dependencies on
the evolving document metadata. Our model preserves the semantic mean-
ing of discovered topics over time and incorporates heterogeneity among
documents. In particular, when documents can be categorized, we propose
a classifier-free approach to maximize topic heterogeneity across different
document groups. We also present an efficient variational optimization pro-
cedure adapted for the multistage longitudinal setting. In this case study, we
apply our method to the psychiatric clinical notes from a large tertiary pedi-
atric hospital in Southern California and achieve a 38% increase in the overall
coherence of extracted topics. Our real data analysis reveals that children tend
to express more negative emotions during state shutdowns and more positive
when schools reopen. Furthermore, it suggests that sexual and gender minor-
ity (SGM) children display more pronounced reactions to major COVID-19
events and a greater sensitivity to vaccine-related news than non-SGM chil-
dren. This study examines children’s mental health progression during the
pandemic and offers clinicians valuable insights to recognize disparities in
children’s mental health related to their sexual and gender identities.
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Renewable energy is critical for combating climate change, whose first
step is the storage of electricity generated from renewable energy sources.
Li-ion batteries are a popular kind of storage units. Their continuous usage
through charge-discharge cycles eventually leads to degradation. This can be
visualized by plotting voltage discharge curves (VDCs) over discharge cy-
cles. Studies of battery degradation have mostly concentrated on modeling
degradation through one scalar measurement summarizing each VDC. Such
simplification of curves can lead to inaccurate predictive models. Here we
analyze the degradation of rechargeable Li-ion batteries from a NASA data
set through modeling and predicting their full VDCs. With techniques from
longitudinal and functional data analysis, we propose a new two-step predic-
tive modeling procedure for functional responses residing on heterogeneous
domains. We first predict the shapes and domain end points of VDCs using
functional regression models. Then we integrate these predictions to perform
a degradation analysis. Our functional approach allows the incorporation of
usage information, produces predictions in a curve form and thus provides
flexibility in the assessment of battery degradation. Through extensive sim-
ulation studies and cross-validated data analysis, our approach demonstrates
better prediction than the existing approach of modeling degradation directly
with aggregated data.
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For decades National Football League (NFL) coaches’ observed fourth
down decisions have been largely inconsistent with prescriptions based on
statistical models. In this paper we develop a framework to explain this dis-
crepancy using an inverse optimization approach. We model the fourth down
decision and the subsequent sequence of plays in a game as a Markov de-
cision process (MDP), the dynamics of which we estimate from NFL play-
by-play data from the 2014 through 2022 seasons. We assume that coaches’
observed decisions are optimal but that the risk preferences governing their
decisions are unknown. This yields an inverse decision problem for which the
optimality criterion, or risk measure, of the MDP is the estimand. Using the
quantile function to parameterize risk, we estimate which quantile-optimal
policy yields the coaches’ observed decisions as minimally suboptimal. In
general, we find that coaches’ fourth-down behavior is consistent with opti-
mizing low quantiles of the next-state value distribution, which corresponds
to conservative risk preferences. We also find that coaches exhibit higher risk
tolerances when making decisions in the opponent’s half of the field, as op-
posed to their own half, and that league average fourth down risk tolerances
have increased over time.

REFERENCES

ALAMAR, B. C. (2006). The passing premium puzzle. J. Quant. Anal. Sports 2 Art. 5, 10. MR2270284 https://
doi.org/10.2202/1559-0410.1051

ALAMAR, B. C. (2010). Measuring risk in NFL playcalling. J. Quant. Anal. Sports 6.
BALDWIN, B. (2021a). 4th down research. https://www.nfl4th.com/articles/articles/4th-down-research.html. Ac-

cessed: 2021-03-31.
BALDWIN, B. (2021b). Open source football: NflfastR EP, WP, CP xYAC, and xPass models. https://www.

opensourcefootball.com/posts/2020-09-28-nflfastr-ep-wp-and-cp-models/. Accessed: 2024-04-30.
BALDWIN, B. (2024). nfl4th: Functions to calculate optimal fourth down decisions in the national football league.
BELLEMARE, M. G., DABNEY, W. and MUNOS, R. (2017). A distributional perspective on reinforcement learning.

In International Conference on Machine Learning 449–458. PMLR.
BRILL, R. S., YURKO, R. and WYNER, A. J. (2023). Analytics, have some humility: A statistical view of fourth-

down decision making. Preprint. Available at arXiv:2311.03490.
BURKE, B., CARTER, S., GIRATIKANON, T., QUEALY, K. and DANIEL, J. (2014). 4th down: When to go for it

and why. https://www.nytimes.com/2014/09/05/upshot/4th-down-when-to-go-for-it-and-why.html. Accessed:
2021-03-23.

CARL, S. and BALDWIN, B. (2024). nflfastR: Functions to efficiently access NFL play by play data.
CARTER, V. and MACHOL, R. E. (1971). Operations research on football. Oper. Res. 19 541–544.
CARTER, V. and MACHOL, R. E. (1978). Note—optimal strategies on fourth down. Manage. Sci. 24 1758–1762.
CHAN, T. C., MAHMOOD, R. and ZHU, I. Y. (2023). Inverse optimization: Theory and applications. Oper. Res. 0.
CHAN, T. C. Y., FERNANDES, C. and PUTERMAN, M. L. (2021). Points gained in football: Using Markov process-

based value functions to assess team performance. Oper. Res. 69 877–894. MR4280422 https://doi.org/10.
1287/opre.2020.2034

Key words and phrases. Inverse optimization, MDP, quantile function, decision analysis, sport.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1933
https://www.imstat.org
mailto:nsandholtz@stat.byu.edu
mailto:lwu@zelusanalytics.com
mailto:martin.puterman@sauder.ubc.ca
mailto:tcy.chan@utoronto.ca
https://mathscinet.ams.org/mathscinet-getitem?mr=2270284
https://doi.org/10.2202/1559-0410.1051
https://doi.org/10.2202/1559-0410.1051
https://www.nfl4th.com/articles/articles/4th-down-research.html
https://www.opensourcefootball.com/posts/2020-09-28-nflfastr-ep-wp-and-cp-models/
https://www.opensourcefootball.com/posts/2020-09-28-nflfastr-ep-wp-and-cp-models/
https://arxiv.org/abs/2311.03490
https://www.nytimes.com/2014/09/05/upshot/4th-down-when-to-go-for-it-and-why.html
https://mathscinet.ams.org/mathscinet-getitem?mr=4280422
https://doi.org/10.1287/opre.2020.2034
https://doi.org/10.1287/opre.2020.2034


CRITCHFIELD, T. S. and STILLING, S. T. (2015). A matching law analysis of risk tolerance and gain–loss framing
in football play selection. Behavior Analysis: Research and Practice 15 112.

DALY-GRAFSTEIN, D. (2023). Correcting for preferential bias in NFL fourth-down decision making. In Proceed-
ings of the 17th MIT Sloan Sports Analytics Conference, Boston, MA, USA.

DI CASTRO, D., OREN, J. and MANNOR, S. (2019). Practical risk measures in reinforcement learning. Preprint.
Available at arXiv:1908.08379.

EFRON, B. (1982). The Jackknife, the Bootstrap and Other Resampling Plans. CBMS-NSF Regional Conference
Series in Applied Mathematics 38. SIAM, Philadelphia, PA. MR0659849

VON NEUMANN, J. and MORGENSTERN, O. (2007). Theory of games and economic behavior. In Theory of
Games and Economic Behavior Princeton university press.

FRANKS, A. M., D’AMOUR, A., CERVONE, D. and BORNN, L. (2016). Meta-analytics: Tools for understanding
the statistical properties of sports metrics. J. Quant. Anal. Sports 12 151–165.

GILBERT, H., WENG, P. and XU, Y. (2017). Optimizing quantiles in preference-based Markov decision processes.
In Proceedings of the AAAI Conference on Artificial Intelligence 31.

GOLDNER, K. (2012). A Markov model of football: Using stochastic processes to model a football drive. J. Quant.
Anal. Sports 8.

HAMMING, R. W. (1950). Error detecting and error correcting codes. Bell Syst. Tech. J. 29 147–160. MR0035935
https://doi.org/10.1002/j.1538-7305.1950.tb00463.x

JAQUETTE, S. C. (1973). Markov decision processes with a new optimality criterion: Discrete time. Ann. Statist.
1 496–505. MR0378839

KAHNEMAN, D. and TVERSKY, A. (2013). Prospect theory: An analysis of decision under risk. In Handbook of
the Fundamentals of Financial Decision Making: Part I 99–127. World Scientific, Singapore.

KOVASH, K. and LEVITT, S. D. (2009). Professionals do not play minimax: Evidence from major league baseball
and the national football league Technical Report National Bureau of Economic Research.

LI, J. Y.-M. (2021). Inverse optimization of convex risk functions. Manage. Sci. 67 7113–7141.
LI, X., ZHONG, H. and BRANDEAU, M. L. (2022). Quantile Markov decision processes. Oper. Res. 70 1428–1447.

MR4451046 https://doi.org/10.1287/opre.2021.2123
LOPEZ, M. J. (2020). Bigger data, better questions, and a return to fourth down behavior: An introduction to a

special issue on tracking datain the national football league. J. Quant. Anal. Sports 16 73–79.
MASSEY, C. and THALER, R. H. (2013). The loser’s curse: Decision making and market efficiency in the national

football league draft. Manage. Sci. 59 1479–1495.
OWENS, M. F. and ROACH, M. A. (2018). Decision-making on the hot seat and the short list: Evidence from

college football fourth down decisions. J. Econ. Behav. Organ. 148 301–314.
PYA, N. (2020). scam: Shape constrained additive models. R package version 1.2-9.
PYA, N. and WOOD, S. N. (2015). Shape constrained additive models. Stat. Comput. 25 543–559. MR3334416

https://doi.org/10.1007/s11222-013-9448-7
ROACH, M. A. and OWENS, M. F. (2024). Updating beliefs based on observed performance: Evidence from NFL

head coaches. J. Sports Econ. 25 369–387.
ROMER, D. (2006). Do firms maximize? Evidence from professional football. Eur. J. Polit. Econ. 114 340–365.
SANDHOLTZ, N., MIYAMOTO, Y., BORNN, L. and SMITH, M. A. (2023). Inverse Bayesian optimization: Learn-

ing human acquisition functions in an exploration vs exploitation search task. Bayesian Anal. 18 1–24.
MR4515723 https://doi.org/10.1214/21-ba1303

SANDHOLTZ, N., WU, L., PUTERMAN, M. and CHAN, T. C (2024). Supplement to “Learning risk preferences in
Markov decision processes: An application to the fourth down decision in the national football league.” https://
doi.org/10.1214/24-AOAS1933SUPPA, https://doi.org/10.1214/24-AOAS1933SUPPB

NG, A. Y., RUSSELL, S. J. et al. (2000). Algorithms for inverse reinforcement learning. In Icml 1 2.
SOBEL, M. J. (1982). The variance of discounted Markov decision processes. J. Appl. Probab. 19 794–802.

MR0675143 https://doi.org/10.2307/3213832
URSCHEL, J. D. and ZHUANG, J. (2011). Are NFL coaches risk and loss averse? Evidence from their use of

kickoff strategies. J. Quant. Anal. Sports 7.
VARIAN, H. R. (2006). Revealed preference. Samuelsonian Economics and the Twenty-first Century 99–115.
WHITE, D. J. (1988). Mean, variance, and probabilistic criteria in finite Markov decision processes: A review. J.

Optim. Theory Appl. 56 1–29. MR0922375 https://doi.org/10.1007/BF00938524
WINSTON, W., CABOT, V. and SAGARIN, J. (1983). Football as an infinite horizon zero-sum stochastic game.

Technical Report.
YAM, D. R. and LOPEZ, M. J. (2019). What was lost? A causal estimate of fourth down behavior in the national

football league. J. Sports Anal. 5 153–167.
YU, S., CHEN, Y. and DONG, C. (2020). Learning time varying risk preferences from investment portfolios using

inverse optimization with applications on mutual funds. Preprint. Available at arXiv:2010.01687.

https://arxiv.org/abs/1908.08379
https://mathscinet.ams.org/mathscinet-getitem?mr=0659849
https://mathscinet.ams.org/mathscinet-getitem?mr=0035935
https://doi.org/10.1002/j.1538-7305.1950.tb00463.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0378839
https://mathscinet.ams.org/mathscinet-getitem?mr=4451046
https://doi.org/10.1287/opre.2021.2123
https://mathscinet.ams.org/mathscinet-getitem?mr=3334416
https://doi.org/10.1007/s11222-013-9448-7
https://mathscinet.ams.org/mathscinet-getitem?mr=4515723
https://doi.org/10.1214/21-ba1303
https://doi.org/10.1214/24-AOAS1933SUPPA
https://doi.org/10.1214/24-AOAS1933SUPPA
https://doi.org/10.1214/24-AOAS1933SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=0675143
https://doi.org/10.2307/3213832
https://mathscinet.ams.org/mathscinet-getitem?mr=0922375
https://doi.org/10.1007/BF00938524
https://arxiv.org/abs/2010.01687


YURKO, R., VENTURA, S. and HOROWITZ, M. (2019). nflwar: A reproducible method for offensive player eval-
uation in football. J. Quant. Anal. Sports 15 163–183.



The Annals of Applied Statistics
2024, Vol. 18, No. 4, 3229–3252
https://doi.org/10.1214/24-AOAS1934
© Institute of Mathematical Statistics, 2024
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The paper targets the estimation of a poverty rate at the upazila level in
Bangladesh through the use of demographic and health survey (DHS) data.
Upazilas are administrative regions equivalent to counties or boroughs whose
sample sizes are not large enough to provide reliable estimates or are even
absent. We tackle this issue by proposing a small-area estimation model com-
plementing survey data with remote sensing information at the area level. We
specify an extended Beta mixed regression model within the Bayesian frame-
work, allowing it to accommodate the peculiarities of sample data and to
predict out-of-sample rates. Specifically, it enables to include estimates equal
to either 0 or 1 and to model the strong intra-cluster correlation. We aim at
proposing a method that can be implemented by statistical offices as a rou-
tine. In this spirit we consider a regularizing prior for coefficients, rather than
a model selection approach, to deal with a large number of auxiliary variables.
We compare our methods with existing alternatives using a design-based sim-
ulation exercise and illustrate its potential with the motivating application.
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It is quite common to encounter compositional data in a regression
framework in data analysis. When both responses and predictors are compo-
sitional, most existing models rely on a family of log-ratio based transforma-
tions to move the analysis from the simplex to the reals. This often makes the
interpretation of the model more complex. A transformation-free regression
model was recently developed, but it only allows for a single compositional
predictor. However, many datasets include multiple compositional predictors
of interest. Motivated by an application to hydrothermal liquefaction (HTL)
data, a novel extension of this transformation-free regression model is pro-
vided that allows for two (or more) compositional predictors to be used via
a latent variable mixture. A modified expectation-maximization algorithm is
proposed to estimate model parameters, which are shown to have natural in-
terpretations. Conformal inference is used to obtain prediction limits on the
compositional response. The resulting methodology is applied to the HTL
dataset. Extensions to multiple predictors are discussed.
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Integrative analysis of multilevel pharmacogenomic data for modeling
dependencies across various biological domains is crucial for developing
genomic-testing based treatments. Chain graphs characterize conditional de-
pendence structures of such multilevel data where variables are naturally par-
titioned into multiple ordered layers, consisting of both directed and undi-
rected edges. Existing literature mostly focus on Gaussian chain graphs,
which are ill-suited for nonnormal distributions with heavy-tailed marginals,
potentially leading to inaccurate inferences. We propose a Bayesian robust
chain graph model (RCGM) based on random transformations of marginals
using Gaussian scale mixtures to account for node-level nonnormality in con-
tinuous multivariate data. This flexible modeling strategy facilitates identifi-
cation of conditional sign dependencies among nonnormal nodes while still
being able to infer conditional dependencies among normal nodes. In sim-
ulations we demonstrate that RCGM outperforms existing Gaussian chain
graph inference methods in data generated from various nonnormal mecha-
nisms. We apply our method to genomic, transcriptomic and proteomic data
to understand underlying biological processes holistically for drug response
and resistance in lung cancer cell lines. Our analysis reveals inter- and intra-
platform dependencies of key signaling pathways to monotherapies of ico-
tinib, erlotinib and osimertinib among other drugs, along with shared patterns
of molecular mechanisms behind drug actions.
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We propose a Bayesian meta-analysis to infer the current expansion rate
of the Universe, called the Hubble constant (H0), via time delay cosmog-
raphy. Inputs of the meta-analysis are estimates of two properties for each
pair of gravitationally lensed images; time delay and Fermat potential differ-
ence estimates with their standard errors. A meta-analysis can be appealing
in practice because obtaining each estimate from even a single lens system
involves substantial human efforts, and thus estimates are often separately
obtained and published. Moreover, numerous estimates are expected to be
available once the Rubin Observatory starts monitoring thousands of strong
gravitational lens systems. This work focuses on combining these estimates
from independent studies to infer H0 in a robust manner. The robustness is
crucial because currently up to eight lens systems are used to infer H0, and
thus any biased input can severely affect the resulting H0 estimate. For this
purpose we adopt Student’s t error for the input estimates. We investigate
properties of the resulting H0 estimate via two simulation studies with real-
istic imaging data. It turns out that the meta-analysis can infer H0 with sub-
percent bias and about 1% level of coefficient of variation, even when 30%
of inputs are manipulated to be outliers. We also apply the meta-analysis to
three gravitationally lensed systems to obtain an H0 estimate and compare it
with existing estimates. An R package h0 is publicly available for fitting the
proposed meta-analysis.
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When using electronic health records (EHRs) for clinical and transla-
tional research, additional data is often available from external sources to en-
rich the information extracted from EHRs. For example, academic biobanks
have more granular data available, and patient reported data is often collected
through small-scale surveys. It is common that the external data is available
only for a small subset of patients who have EHR information. We propose
efficient and robust methods for building and evaluating models for predict-
ing the risk of binary outcomes using such integrated EHR data. Our method
is built upon an idea derived from the two-phase design literature that model-
ing the availability of a patient’s external data as a function of an EHR-based
preliminary predictive score leads to effective utilization of the EHR data.
Through both theoretical and simulation studies, we show that our method
has high efficiency for estimating log-odds ratio parameters, the area under
the ROC curve, as well as other measures for quantifying predictive accu-
racy. We apply our method to develop a model for predicting the short-term
mortality risk of oncology patients, where the data was extracted from the
University of Pennsylvania hospital system EHR and combined with survey-
based patient reported outcome data.
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In this paper we study the number of inpatient admissions by individu-
als to hospital emergency rooms reported by the 2003 Medical Expenditure
Panel Survey (MEPS), which the United States Agency for Health Research
and Quality conducts. Explanatory variables such as health status, access,
use, and costs of health services in the U.S.A. are considered. Our main
goal is to properly model the number of inpatient admissions, according to
the geographical U.S. regions, as a tool for measuring the volume of di-
agnostic procedures in the health care system. In the analysis four clusters
were determined according to the regions in the U.S., namely, the midwest,
northeast, south, and west. The clustered analysis of this count data from
the MEPS is a novel contribution to the best of our knowledge. Our analysis
demonstrated that a clustered negative binomial (CNB) regression (Poisson
model with latent gamma effects) might not be a suitable choice for ana-
lyzing the MEPS data. This fact motivates us to introduce a new regression
model to handle clustered count data. To account for correlation within clus-
ters, we propose a Poisson regression model where the observations within
the same cluster are driven by the same latent random effect that follows a
Birnbaum–Saunders distribution with a parameter that controls the strength
of dependence among the individuals. This novel multivariate count model is
called Clustered Poisson–Birnbaum–Saunders (CPBS) regression. The CPBS
model is analytically tractable, and its moment structure can be explicitly
obtained. We also derive theoretical/methodological studies to advise when
the Birnbaum–Saunders effect should be preferred over the gamma effect
(and vice-versa) in terms of probability tail. Estimation is performed through
the maximum likelihood method. Here we also developed an expectation-
maximization (EM) algorithm for estimation. Simulation results that evalu-
ate the finite-sample performance of our proposed estimators are presented.
Studies on the potential impact of model misspecification were conducted,
and comparisons between our model and a CNB regression were also ad-
dressed. A full statistical analysis of the MEPS data reveals that, compared to
the CNB model, the CPBS regression model produces better results in terms
of prediction and goodness-of-fit.
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Analyses of occurrences of residential burglary in urban areas have
shown that crime rates are not spatially homogeneous: rates vary across the
network of city streets, resulting in some areas being far more susceptible
to crime than others. The explanation for why a certain segment of the city
experiences high crime may be different than why a neighboring area experi-
ences high crime. Motivated by the importance of understanding spatial pat-
terns such as these, we consider a statistical model of burglary defined on the
street network of Boston, Massachusetts. Leveraging ideas from functional
data analysis, our proposed solution consists of a generalized linear model
with vertex-indexed covariates, allowing for an interpretation of the covariate
effects at the street level. We employ a regularization procedure cast as a prior
distribution on the regression coefficients under a Bayesian setup so that the
predicted responses vary smoothly according to the connectivity of the city.
We introduce a novel variable selection procedure, examine computationally
efficient methods for sampling from the posterior distribution of the model
parameters, and demonstrate the flexibility of our proposed modeling struc-
ture. The resulting model and interpretations provide insight into the spatial
network patterns and dynamics of residential burglary in Boston.
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This paper proposes a novel methodology called the mixture of Bayesian
predictive syntheses (MBPS) for multiple time series count data for the chal-
lenging task of predicting the numbers of COVID-19 inpatients and isolated
cases in Japan and Korea at the subnational level. MBPS combines a set of
predictive models and partitions the multiple time series into clusters based
on their contribution to predicting the outcome. In this way MBPS lever-
ages the shared information within each cluster and is suitable for predicting
COVID-19 inpatients since the data exhibit similar dynamics over multiple
areas. Also, MBPS avoids using a multivariate count model, which is gener-
ally cumbersome to develop and implement. Our Japanese and Korean data
analyses demonstrate that the proposed MBPS methodology has improved
predictive accuracy and uncertainty quantification.
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Dynamic networks have been increasingly used to characterize brain
connectivity that varies during resting and task states. In such characteri-
zations a connectivity network is typically measured at each time point for
a subject over a common set of nodes representing brain regions, together
with rich subject-level information. A common approach to analyzing such
data is an edge-based method that models the connectivity between each pair
of nodes separately. However, such approach may have limited performance
when the noise level is high and the number of subjects is limited, as it does
not take advantage of the inherent network structure. To better understand if
and how the subject-level covariates affect the dynamic brain connectivity, we
introduce a semiparametric dynamic network response regression that relates
a dynamic brain connectivity network to a vector of subject-level covariates.
A key advantage of our method is to exploit the structure of dynamic imaging
coefficients in the form of high-order tensors. We develop an efficient estima-
tion algorithm and evaluate the efficacy of our approach through simulation
studies. Finally, we present our results on the analysis of a task-related study
on social cognition in the Human Connectome Project, where we identify
known sex-specific effects on brain connectivity that cannot be inferred using
alternative methods.
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We are motivated by a study that seeks to better understand the dynamic
relationship between muscle activation and paw position during locomotion.
For each gait cycle in this experiment, activation in the biceps and triceps
is measured continuously and in parallel with paw position as a mouse trot-
ted on a treadmill. We propose an innovative general regression method that
draws from both ordinary differential equations and functional data analysis
to model the relationship between these functional inputs and responses as a
dynamical system that evolves over time. Specifically, our model addresses
gaps in both literatures and borrows strength across curves estimating ODE
parameters across all curves simultaneously rather than separately model-
ing each functional observation. Our approach compares favorably to related
functional data methods in simulations and in cross-validated predictive ac-
curacy of paw position in the gait data. In the analysis of the gait cycles, we
find that paw speed and position are dynamically influenced by inputs from
the biceps and triceps muscles and that the effect of muscle activation persists
beyond the activation itself.
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A SPATIALLY VARYING HIERARCHICAL RANDOM EFFECTS MODEL
FOR LONGITUDINAL MACULAR STRUCTURAL DATA IN GLAUCOMA

PATIENTS

BY ERICA SU1,a, ROBERT E. WEISS1,b, KOUROS NOURI-MAHDAVI2,d AND ANDREW

J. HOLBROOK1,c

1Department of Biostatistics, Fielding School of Public Health, University of California, Los Angeles, aericasu@ucla.edu,
brobweiss@ucla.edu, caholbroo@g.ucla.edu

2Glaucoma Division, Stein Eye Institute, David Geffen School of Medicine, University of California, Los Angeles,
dnouri-mahdavi@jsei.ucla.edu

We model longitudinal macular thickness measurements to monitor the
course of glaucoma and prevent vision loss due to disease progression. The
macular thickness varies over a 6 × 6 grid of locations on the retina, with ad-
ditional variability arising from the imaging process at each visit. Currently,
ophthalmologists estimate slopes using repeated simple linear regression for
each subject and location. To estimate slopes more precisely, we develop a
novel Bayesian hierarchical model for multiple subjects with spatially vary-
ing population-level and subject-level coefficients, borrowing information
over subjects and measurement locations. We augment the model with visit
effects to account for observed spatially correlated visit-specific errors. We
model spatially varying: (a) intercepts, (b) slopes, and (c) log-residual stan-
dard deviations (SD) with multivariate Gaussian process priors with Matérn
cross-covariance functions. Each marginal process assumes an exponential
kernel with its own SD and spatial correlation matrix. We develop our models
for and apply them to data from the Advanced Glaucoma Progression Study.
We show that including visit effects in the model reduces error in predicting
future thickness measurements and greatly improves model fit.
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MULTIPLE LATENT CLUSTERING MODEL FOR THE INFERENCE OF
RNA LIFE-CYCLE KINETIC RATES FROM SEQUENCING DATA
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We propose a hierarchical Bayesian model to infer RNA synthesis, pro-
cessing, and degradation rates from time-course RNA sequencing data, based
on an ordinary differential equation system that models the RNA life cycle.
We parametrize the latent kinetic rates, which rule the system, with a novel
functional form and estimate their parameters through three Dirichlet process
mixture models. Owing to the complexity of this approach, we are able to
simultaneously perform inference, clustering, and model selection. We apply
our method to investigate transcriptional and post-transcriptional responses
of murine fibroblasts to the activation of the proto-oncogene Myc. Our ap-
proach uncovers simultaneous regulations of the rates, which had been largely
missed in previous analyses of this biological system.
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High-dimensional spectral data—routinely generated in dairy produc-
tion—are used to predict a range of traits in milk products. Partial least
squares (PLS) regression is ubiquitously used for these prediction tasks. How-
ever, PLS regression is not typically viewed as arising from a probabilistic
model, and parameter uncertainty is rarely quantified. Additionally, PLS re-
gression does not easily lend itself to model-based modifications, coherent
prediction intervals are not readily available, and the process of choosing the
latent-space dimension, Q, can be subjective and sensitive to data size.

We introduce a Bayesian latent-variable model, emulating the desirable
properties of PLS regression while accounting for parameter uncertainty
in prediction. The need to choose Q is eschewed through a nonparametric
shrinkage prior. The flexibility of the proposed Bayesian partial least squares
(BPLS) regression framework is exemplified by considering sparsity modifi-
cations and allowing for multivariate response prediction.

The BPLS regression framework is used in two motivating settings: (1)
multivariate trait prediction from mid-infrared spectral analyses of milk sam-
ples and (2) milk pH prediction from surface-enhanced Raman spectral data.
The prediction performance of BPLS regression at least matches that of PLS
regression. Additionally, the provision of correctly calibrated prediction inter-
vals objectively provides richer, more informative inference for stakeholders
in dairy production.
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CHUN, H. and KELEŞ, S. (2010). Sparse partial least squares regression for simultaneous dimension reduction
and variable selection. J. R. Stat. Soc. Ser. B. Stat. Methodol. 72 3–25. MR2751241 https://doi.org/10.1111/j.
1467-9868.2009.00723.x

CHUNG, D., CHUN, H. and KELES, S. (2019). spls: Sparse Partial Least Squares (SPLS) regression and classifi-
cation. R package version 2.2-3.

COPPA, M., MARTIN, B., HULIN, S., GUILLEMIN, J., GAUZENTES, J. V., PECOU, A. and ANDUEZA, D. (2021).
Prediction of indicators of cow diet composition and authentication of feeding specifications of protected
designation of origin cheese using mid-infrared spectroscopy on milk. J. Dairy Sci. 104 112–125. https://doi.
org/10.3168/jds.2020-18468

COPPA, M., VANLIERDE, A., BOUCHON, M., JURQUET, J., MUSATI, M., DEHARENG, F. and MARTIN, C. (2022).
Methodological guidelines: Cow milk mid-infrared spectra to predict reference enteric methane data collected
by an automated head-chamber system. J. Dairy Sci. 105 9271–9285. https://doi.org/10.3168/jds.2022-21890

DE JONG, S. (1993). SIMPLS: An alternative approach to partial least squares regression. Chemom. Intell. Lab.
Syst. 18 251–263.

DE MARCHI, M., TOFFANIN, V., CASSANDRO, M. and PENASA, M. (2014). Invited review: Mid-infrared spec-
troscopy as phenotyping tool for milk traits1. J. Dairy Sci. 97 1171–1186. https://doi.org/10.3168/jds.2013-
6799

DENHOLM, S., BRAND, W., MITCHELL, A., WELLS, A., KRZYZELEWSKI, T., SMITH, S., WALL, E. and COF-
FEY, M. (2020). Predicting bovine tuberculosis status of dairy cows from mid-infrared spectral data of milk
using deep learning. J. Dairy Sci. 103 9355–9367.

DIACONIS, P. and FREEDMAN, D. (1986). On the consistency of Bayes estimates. Ann. Statist. 14 1–67.
MR0829555 https://doi.org/10.1214/aos/1176349830

DUMPLER, J., HUPPERTZ, T. and KULOZIK, U. (2020). Invited review: Heat stability of milk and concentrated
milk: Past, present, and future research objectives. J. Dairy Sci. 103 10986–11007. https://doi.org/10.3168/jds.
2020-18605

DURANTE, D. (2017). A note on the multiplicative gamma process. Statist. Probab. Lett. 122 198–204.
MR3584158 https://doi.org/10.1016/j.spl.2016.11.014

EL BOUHADDANI, S., UH, H.-W., HAYWARD, C., JONGBLOED, G. and HOUWING-DUISTERMAAT, J. (2018).
Probabilistic partial least squares model: Identifiability, estimation and application. J. Multivariate Anal. 167
331–346. MR3830650 https://doi.org/10.1016/j.jmva.2018.05.009

EL BOUHADDANI, S., UH, H.-W., JONGBLOED, G. and HOUWING-DUISTERMAAT, J. (2022). Statistical integra-
tion of heterogeneous omics data: Probabilistic two-way partial least squares (PO2PLS). J. R. Stat. Soc. Ser.
C. Appl. Stat. 71 1451–1470. MR4511118 https://doi.org/10.1111/rssc.12583

FARRELL, H. M. J., JIMENEZ-FLORES, R., BLECK, G. T., BROWN, E. M., BUTLER, J. E., CREAMER, L. K.,
HICKS, C. L., HOLLAR, C. M., NG-KWAI-HANG, K. F. et al. (2004). Nomenclature of the proteins of cows’
milk—sixth revision. J. Dairy Sci. 87 1641–1674.

FILZMOSER, P., GSCHWANDTNER, M. and TODOROV, V. (2012). Review of sparse methods in regression and
classification with application to chemometrics. J. Chemom. 26 42–51.

FILZMOSER, P. and VARMUZA, K. (2017). Chemometrics: Multivariate statistical analysis in chemometrics. R
package version 1.4.2.

FRANK, I. E. and FRIEDMAN, J. H. (1993). A statistical view of some chemometrics regression tools. Technomet-
rics 35 109–135. https://doi.org/10.1080/00401706.1993.10485033

FRIZZARIN, M., GORMLEY, I., BERRY, D., MURPHY, T., CASA, A., LYNCH, A. and MCPARLAND, S. (2021).
Predicting cow milk quality traits from routinely available milk spectra using statistical machine learning
methods. J. Dairy Sci. 104 7438–7447.

FRIZZARIN, M., GORMLEY, I. C., BERRY, D. P. and MCPARLAND, S. (2023). Estimation of body condition score
change in dairy cows in a seasonal calving pasture-based system using routinely available milk mid-infrared
spectra and machine learning techniques. J. Dairy Sci. 106 4232–4244. https://doi.org/10.3168/jds.2022-22394

FRÜHWIRTH-SCHNATTER, S. (2011). Dealing with label switching under model uncertainty. In Mixtures: Esti-
mation and Applications. Wiley Ser. Probab. Stat. 213–239. Wiley, Chichester. MR2883354 https://doi.org/10.
1002/9781119995678.ch10

FRUHWIRTH-SCHNATTER, S. and LOPES, H. F. (2014). Parsimonious Bayesian factor analysis when the number
of factors is unknown. Technical Report No. 345. Insper Working Paper.

https://doi.org/10.1093/bib/bbl016
https://doi.org/10.3168/jds.2020-18367
https://mathscinet.ams.org/mathscinet-getitem?mr=2754740
https://doi.org/10.4310/SII.2010.v3.n4.a1
https://mathscinet.ams.org/mathscinet-getitem?mr=2751241
https://doi.org/10.1111/j.1467-9868.2009.00723.x
https://doi.org/10.1111/j.1467-9868.2009.00723.x
https://doi.org/10.3168/jds.2020-18468
https://doi.org/10.3168/jds.2020-18468
https://doi.org/10.3168/jds.2022-21890
https://doi.org/10.3168/jds.2013-6799
https://doi.org/10.3168/jds.2013-6799
https://mathscinet.ams.org/mathscinet-getitem?mr=0829555
https://doi.org/10.1214/aos/1176349830
https://doi.org/10.3168/jds.2020-18605
https://doi.org/10.3168/jds.2020-18605
https://mathscinet.ams.org/mathscinet-getitem?mr=3584158
https://doi.org/10.1016/j.spl.2016.11.014
https://mathscinet.ams.org/mathscinet-getitem?mr=3830650
https://doi.org/10.1016/j.jmva.2018.05.009
https://mathscinet.ams.org/mathscinet-getitem?mr=4511118
https://doi.org/10.1111/rssc.12583
https://doi.org/10.1080/00401706.1993.10485033
https://doi.org/10.3168/jds.2022-22394
https://mathscinet.ams.org/mathscinet-getitem?mr=2883354
https://doi.org/10.1002/9781119995678.ch10
https://doi.org/10.1002/9781119995678.ch10


GEORGE, E. I. and MCCULLOCH, R. E. (1993). Variable selection via Gibbs sampling. J. Amer. Statist. Assoc. 88
881–889.

GWEE, X. Y., GORMLEY, I. C. and FOP, M. (2023). A latent shrinkage position model for binary and count
network data. Bayesian Anal. 1–29. https://doi.org/10.1214/23-BA1403

HANSEN, B., AVALOS-PACHECO, A., RUSSO, M. and VITO, R. D. (2023). Fast variational inference for Bayesian
factor analysis in single and multi-study settings.

HOERL, A. E. and KENNARD, R. W. (1970). Ridge regression: Applications to nonorthogonal problems. Techno-
metrics 12 69–82.

HOFF, P. D., RAFTERY, A. E. and HANDCOCK, M. S. (2002). Latent space approaches to social network analysis.
J. Amer. Statist. Assoc. 97 1090–1098. MR1951262 https://doi.org/10.1198/016214502388618906

HUBERT, M. and BRANDEN, K. V. (2003). Robust methods for partial least squares regression. Journal of Chemo-
metrics: A Journal of the Chemometrics Society 17 537–549.

KANDEEL, S. A., MEGAHED, A. A., EBEID, M. H. and CONSTABLE, P. D. (2019). Ability of milk pH to pre-
dict subclinical mastitis and intramammary infection in quarters from lactating dairy cattle. J. Dairy Sci. 102
1417–1427. https://doi.org/10.3168/jds.2018-14993

KOURTI, T. (2002). Process analysis and abnormal situation detection: From theory to practice. IEEE Control
Syst. Mag. 22 10–25.

LI, S., GAO, J., NYAGILO, J. O. and DAVE, D. P. (2010). Eigenspectra, a robust regression method for multiplexed
Raman spectra analysis. In 2010 IEEE International Conference on Bioinformatics and Biomedicine (BIBM)
525–530. IEEE.

LIEBMANN, B., FRIEDL, A. and VARMUZA, K. (2009). Determination of glucose and ethanol in bioethanol pro-
duction by near infrared spectroscopy and chemometrics. Anal. Chim. Acta 642 171–178. https://doi.org/10.
1016/j.aca.2008.10.069

LILAND, K. H., MEVIK, B.-H. and WEHRENS, R. (2022). pls: Partial least squares and principal component
regression. R package version 2.8-1.

LINDGREN, F., GELADI, P. and WOLD, S. (1993). The kernel algorithm for PLS. J. Chemom. 7 45–59.
MCDERMOTT, A., VISENTIN, G., MARCHI, M. D., BERRY, D. P., FENELON, M. A., O’CONNOR, P. M.,

KENNY, O. A. and MCPARLAND, S. (2016). Prediction of individual milk proteins including free amino acids
in bovine milk using mid-infrared spectroscopy and their correlations with milk processing characteristics. J.
Dairy Sci. 99 3171–3182. https://doi.org/10.3168/jds.2015-9747

MCPARLAND, D., PHILLIPS, C. M., BRENNAN, L., ROCHE, H. M. and GORMLEY, I. C. (2017). Clustering high-
dimensional mixed data to uncover sub-phenotypes: Joint analysis of phenotypic and genotypic data. Stat.
Med. 36 4548–4569. MR3731239 https://doi.org/10.1002/sim.7371

MURPHY, K., VIROLI, C. and GORMLEY, I. C. (2020). Infinite mixtures of infinite factor analysers. Bayesian
Anal. 15 937–963. MR4132655 https://doi.org/10.1214/19-BA1179

NAIK, P. and TSAI, C.-L. (2000). Partial least squares estimator for single-index models. J. R. Stat. Soc. Ser. B.
Stat. Methodol. 62 763–771. MR1796290 https://doi.org/10.1111/1467-9868.00262

OVASKAINEN, O., ABREGO, N., HALME, P. and DUNSON, D. (2016). Using latent variable models to identify
large networks of species-to-species associations at different spatial scales. Methods Ecol. Evol. 7 549–555.

PARK, T. and CASELLA, G. (2008). The Bayesian lasso. J. Amer. Statist. Assoc. 103 681–686. MR2524001 https://
doi.org/10.1198/016214508000000337

PRESS, S. J. and SHIGEMASU, K. (1989). Bayesian inference in factor analysis. In Contributions to Probability
and Statistics 271–287. Springer, New York. MR1024336

ROCKOVA, V. (2023). Adaptive Bayesian predictive inference. Preprint. Available at arXiv:2309.02369.
ROUSSEAU, J. (2016). On the frequentist properties of Bayesian nonparametric methods. Annu. Rev. Stat. Appl. 3

211–231.
SCHALM, O. W. and NOORLANDER, D. O. (1957). Experiments and observations leading to development of the

California mastitis test. J. Am. Vet. Med. Assoc. 130 199–204.
SONG, X.-Y. and LEE, S.-Y. (2001). Bayesian estimation and test for factor analysis model with continuous and

polytomous data in several populations. Br. J. Math. Stat. Psychol. 54 237–263.
R CORE TEAM (2023). R: A Language and Environment for Statistical Computing. R Foundation for Statistical

Computing, Vienna, Austria.
TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B 58 267–288.

MR1379242
TIPPING, M. E. and BISHOP, C. M. (1999). Probabilistic principal component analysis. J. R. Stat. Soc. Ser. B. Stat.

Methodol. 61 611–622. MR1707864 https://doi.org/10.1111/1467-9868.00196
TOLEDO-ALVARADO, H., PÉREZ-CABAL, M. A., TEMPELMAN, R. J., CECCHINATO, A., BITTANTE, G., DE LOS

CAMPOS, G. and VAZQUEZ, A. I. (2021). Association between days open and milk spectral data in dairy cows.
J. Dairy Sci. 104 3665–3675. https://doi.org/10.3168/jds.2020-19031

https://doi.org/10.1214/23-BA1403
https://mathscinet.ams.org/mathscinet-getitem?mr=1951262
https://doi.org/10.1198/016214502388618906
https://doi.org/10.3168/jds.2018-14993
https://doi.org/10.1016/j.aca.2008.10.069
https://doi.org/10.1016/j.aca.2008.10.069
https://doi.org/10.3168/jds.2015-9747
https://mathscinet.ams.org/mathscinet-getitem?mr=3731239
https://doi.org/10.1002/sim.7371
https://mathscinet.ams.org/mathscinet-getitem?mr=4132655
https://doi.org/10.1214/19-BA1179
https://mathscinet.ams.org/mathscinet-getitem?mr=1796290
https://doi.org/10.1111/1467-9868.00262
https://mathscinet.ams.org/mathscinet-getitem?mr=2524001
https://doi.org/10.1198/016214508000000337
https://doi.org/10.1198/016214508000000337
https://mathscinet.ams.org/mathscinet-getitem?mr=1024336
https://arxiv.org/abs/2309.02369
https://mathscinet.ams.org/mathscinet-getitem?mr=1379242
https://mathscinet.ams.org/mathscinet-getitem?mr=1707864
https://doi.org/10.1111/1467-9868.00196
https://doi.org/10.3168/jds.2020-19031


TRYGG, J. and WOLD, S. (2002). Orthogonal projections to latent structures (O-PLS). Journal of Chemometrics:
A Journal of the Chemometrics Society 16 119–128.

TRYGG, J. and WOLD, S. (2003). O2-PLS, a two-block (X–Y) latent variable regression (LVR) method with an
integral OSC filter. J. Chemom. 17 53–64.

URBAS, S., LOVERA, P., DALY, R., O’RIORDAN, A., BERRY, D. and GORMLEY, I. C (2024). Supplement to
“Predicting milk traits from spectral data using Bayesian probabilistic partial least squares regression.” https://
doi.org/10.1214/24-AOAS1947SUPPA, https://doi.org/10.1214/24-AOAS1947SUPPB

VAN DER VOET, H. (1994). Comparing the predictive accuracy of models using a simple randomization test.
Chemom. Intell. Lab. Syst. 25 313–323.

VATS, D. and KNUDSON, C. (2021). Revisiting the Gelman-Rubin diagnostic. Statist. Sci. 36 518–529.
MR4323050 https://doi.org/10.1214/20-sts812

VIDAURRE, D., VAN GERVEN, M. A. J., BIELZA, C., LARRAÑAGA, P. and HESKES, T. (2013). Bayesian sparse
partial least squares. Neural Comput. 25 3318–3339. MR3154315 https://doi.org/10.1162/NECO_a_00524

VISENTIN, G., MCDERMOTT, A., MCPARLAND, S., BERRY, D. P., KENNY, O. A., BRODKORB, A.,
FENELON, M. A. and MARCHI, M. D. (2015). Prediction of bovine milk technological traits from mid-infrared
spectroscopy analysis in dairy cows. J. Dairy Sci. 98 6620–6629. https://doi.org/10.3168/jds.2015-9323

WILLIAMS, A., FLYNN, K. J., XIA, Z. and DUNSTAN, P. R. (2016). Multivariate spectral analysis of pH SERS
probes for improved sensing capabilities. J. Raman Spectrosc. 47 819–827.

WOLD, H. (1973). Nonlinear iterative partial least squares (NIPALS) modelling: Some current developments. In
Multivariate Analysis, III (Proc. Third Internat. Sympos., Wright State Univ., Dayton, Ohio, 1972) 383–407.
Academic Press, New York. MR0343487

ZHENG, J., SONG, Z. and GE, Z. (2016). Probabilistic learning of partial least squares regression model: Theory
and industrial applications. Chemom. Intell. Lab. Syst. 158 80–90.

https://doi.org/10.1214/24-AOAS1947SUPPA
https://doi.org/10.1214/24-AOAS1947SUPPA
https://doi.org/10.1214/24-AOAS1947SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=4323050
https://doi.org/10.1214/20-sts812
https://mathscinet.ams.org/mathscinet-getitem?mr=3154315
https://doi.org/10.1162/NECO_a_00524
https://doi.org/10.3168/jds.2015-9323
https://mathscinet.ams.org/mathscinet-getitem?mr=0343487


The Annals of Applied Statistics
2024, Vol. 18, No. 4, 3507–3527
https://doi.org/10.1214/24-AOAS1949
© Institute of Mathematical Statistics, 2024

A NEW DESIGN FOR OBSERVATIONAL STUDIES APPLIED TO THE
STUDY OF THE EFFECTS OF HIGH SCHOOL FOOTBALL ON

COGNITION LATE IN LIFE

BY KATHERINE BRUMBERG1,a, DYLAN S. SMALL2,b AND PAUL R. ROSENBAUM2,c

1Department of Statistics, University of Michigan, akbrum@umich.edu
2Department of Statistics and Data Science, Wharton School, University of Pennsylvania, bdsmall@wharton.upenn.edu,

crosenbaum@wharton.upenn.edu

Do the impacts that occur when playing high school football have con-
cussive effects that accelerate cognitive decline late in life? We examine this
possibility using newly available cognitive data describing people in 2020
who graduated high school in 1957. Someone who was 18 in 1957 would be
81 in 2020. For this comparison we develop a new design for an observa-
tional study, called a triples design, and discuss its advantages and construc-
tion. A triples design consists of M blocks of size 3, where a block contains
either one treated individual and two controls or two treated individuals and
one control. A triples design is the simplest design that uses weights, with
just two weights. The “entire number” is {1 − e(x)}/e(x), where e(x) is the
propensity score at covariate x, so it is the ratio of controls-to-treated ex-
pected at x. Unlike a matched pairs design, which can remove the bias from
observed covariates when the “entire number” exceeds 1, the triples design
can succeed when the entire number exceeds 1/2, reflecting the possibility of
matching two treated individuals to the same control. Like full matching, a
triples design can match more people than can matched pairs, yet have smaller
within-block covariate distances. Unlike full matching, there are no matched
pairs. Like matching with multiple controls, a triples design will have a larger
design sensitivity than a design which includes matched pairs, under simple
models for continuous outcomes; that is, in favorable situations the design is
expected to report greater insensitivity to unmeasured biases. Because there
are just two weights, it is easy to construct weighted graphics for exploratory
displays from triples designs. A heuristic algorithm containing network opti-
mization constructs the design.
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Mutations in the noncoding DNA, which represents approximately 99%
of the human genome, have been crucial to understanding disease mecha-
nisms through dysregulation of disease-associated genes. One key element in
gene regulation that noncoding mutations mediate is the binding of proteins to
DNA sequences. Insertion and deletion of bases (InDels) are the second most
common type of mutations, following single nucleotide polymorphisms, that
may impact protein-DNA binding. However, no existing methods can esti-
mate and test the effects of InDels on the process of protein-DNA binding.
We develop a novel test of statistical significance, namely, the binding change
test (BC test), using a Markov model to evaluate the impact and identify In-
Dels altering protein-DNA binding. The test predicts binding changer InDels
of regulatory significance with an efficient importance sampling algorithm
generating background sequences in favor of large binding affinity changes.
Simulation studies demonstrate its excellent performance. The application to
human leukemia data uncovers, in critical cis-regulatory elements, candidate
pathological InDels on modulating TF binding in leukemic patients. We de-
velop an R package atIndel, which is available on GitHub.
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Cybersecurity is an important issue given the increasing risks due to
cyberattacks in many areas. Cyberattacks could result in huge losses such
as data breaches, failures in the control systems of infrastructures, physical
damages in manufacturing industries, etc. As a result, cybersecurity-related
research has grown rapidly for in-depth analysis. One main interest is to un-
derstand the correlated nature of cyberattack data. To understand such char-
acteristics, we propose a spatio-temporal model for the hostwisely aggregated
cyberattack data by incorporating the characteristics of the attackers. We de-
velop a new dissimilarity measure as a proxy of spatial distance to be inte-
grated into the model. The proposed model can be considered as a spatial ex-
tension of the GARCH model. The estimation is carried out using a Bayesian
approach, which is demonstrated to work well in simulations. The proposed
model is applied to publicly available honeypot data after the data are divided
by selected features of the attackers via clustering. The estimated model pa-
rameters vary by groups of attackers, which was not revealed by modeling
the entire dataset.
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Understanding cell type composition and gene expression of spatial tran-
scriptomic data is crucial for comprehending phenotypic variability and de-
tecting key factors that influence disease susceptibility of complex traits.
Detecting cell type specific expression patterns from spatial transcriptome
profiles is important in studying the cellular components and gene expres-
sion of individual cell classes and structural architecture. In this paper we
develop mixed effect multiplicative-additive Poisson-gamma models to an-
alyze spatial (MAPS) transcriptomics data using cell type-specific gene ex-
pressions in single cell RNA-sequenceing (scRNA-seq) data. To build the
mixed effect multiplicative-additive Poisson-gamma models, the gene expres-
sion counts of spatial transcriptomics data are treated as dependent variables,
and the mean and variance parameters of scRNA-seq data are used to con-
struct independent variables to explain the dependent variables on the basis
of Poisson-gamma mixture. One novelty of the proposed mixed models is that
the variance parameters of scRNA-seq are used to describe the within-cell-
type variations or stochasticity. We develop iteratively analytical formulae
to estimate the cell type proportions and dispersion parameters. To address
the important research problems and help with intensive spatial transcrip-
tomics data analysis, a readily available software, MAPS, is developed to
implement the proposed methods. By simulation study and real data analysis,
MAPS is found to perform better than or similar to robust cell type decom-
position (RCTD), SpatialDWLS (dampened weighted least squares), condi-
tional autoregressive-based deconvolution (CARD), and a Spatially weighted
pOissoN-gAmma Regression model (SONAR). Computationally, MAPS is
significantly faster than RCTD and SpatialDWLS. MAPS provides a novel
way for mapping spatial tissue architecture.
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Effective integration of single-cell data can facilitate the discovery of
cell-type specific gene expression patterns and cellular interactions, ulti-
mately leading to a better understanding of various biological processes and
diseases. However, datasets from different platforms, species, and modali-
ties exhibit various levels of heterogeneities, posing significant challenges in
data alignment using a unified approach. Here we propose DeepMap, a flexi-
ble and efficient method for single-cell data integration, by taking advantage
of the deep learning framework. Our method utilizes iterative cell matching
based on mutual nearest neighbors, leverages an autoencoder framework to
learn harmonized representations of cells from various datasets, and incorpo-
rates a covariance penalty term into the framework for structure preservation.
In addition to harmonization of data from different datasets, we specifically
take account of the preservation of important biological variations within
dataset, which is crucial to reliable downstream analysis. Comprehensive real
data analysis demonstrates the flexibility of DeepMap for diverse datasets
from different platforms, species, and modalities, and highlights its marked
ability in preserving structures over existing integration methods with en-
hanced computational efficiency and optimized memory usage. The robust
DeepMap-integrated data offers promising prospects for advancing our un-
derstanding of cell biology, hence making it a highly attractive option for
integrative single-cell data analysis.
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