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RZIMM-SCRNA: A REGULARIZED ZERO-INFLATED MIXTURE MODEL
FRAMEWORK FOR SINGLE-CELL RNA-SEQ DATA

BY XINLEI MI, WILLIAM BEKERMAN, ANIL K. RUSTGI, PETER A. SIMS, PETER

D. CANOLL AND JIANHUA HUa

Department of Biostatistics, Columbia University, ajh3992@cumc.columbia.edu

Applications of single-cell RNA sequencing in various biomedical re-
search areas have been blooming. This new technology provides unprece-
dented opportunities to study disease heterogeneity at the cellular level. How-
ever, unique characteristics of scRNA-seq data, including large dimension-
ality, high dropout rates, and possibly batch effects, bring great difficulty
into the analysis of such data. Not appropriately addressing these issues
obstructs true scientific discovery. Herein we propose a unified Regular-
ized Zero-inflated Mixture Model framework, designed for scRNA-seq data
(RZiMM-scRNA), to simultaneously detect cell subgroups and identify gene
differential expression based on a developed importance score, accounting
for both dropouts and batch effects. We conduct extensive simulation stud-
ies in which we evaluate the performance of RZiMM-scRNA and compare it
with several popular methods, including Seurat, SC3, K-means, and hierar-
chical clustering. Simulation results show that RZiMM-scRNA demonstrates
superior clustering performance and enhanced biomarker detection accuracy,
compared to alternative methods, especially when cell subgroups are less dis-
tinct, verifying the robustness of our method.

Our empirical investigations focus on two brain tumor studies dealing with
astrocytoma of various grades, including the most malignant of all brain tu-
mors, glioblastoma multiforme (GBM). Our goal is to delineate cell hetero-
geneity and identify driving biomarkers associated with these tumors. No-
tably, RZiMM-scNRA successfully identifies a small group of oligodendro-
cyte cells, which has drawn much attention in biomedical literature on brain
cancers. In addition, our method discovers several new biomarkers which are
not discussed in the original studies, including PLP1, BCAN, and PTPRZ1—
all associated with the development and malignant growth of glioma—as well
as CAMK2B, which is downregulated in glioma and GBM and implicated in
neurodevelopment, brain function, learning and memory processes.
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The transition from nonrenewable to renewable energies represents a
global societal challenge, and developing a sustainable energy portfolio is
an especially daunting task for developing countries where little to no infor-
mation is available regarding the abundance of renewable resources such as
wind. Weather model simulations are key to obtain such information when
observational data are scarce and sparse over a country as large and geo-
graphically diverse as Saudi Arabia. However, output from such models is
uncertain, as it depends on inputs such as the parametrization of the physical
processes and the spatial resolution of the simulated domain. In such situ-
ations a sensitivity analysis must be performed, and the input may have a
spatially heterogeneous influence of wind. In this work we propose a latent
Gaussian functional analysis of variance (ANOVA) model that relies on a
nonstationary Gaussian Markov random field approximation of a continuous
latent process. The proposed approach is able to capture the local sensitivity
of Gaussian and non-Gaussian wind characteristics such as speed and thresh-
old exceedances over a large simulation domain, and a continuous underlying
process also allows us to assess the effect of different spatial resolutions. Our
results indicate that: (1) the nonlocal planetary boundary layer scheme and
high spatial resolution are both instrumental in capturing wind speed and en-
ergy (especially over complex mountainous terrain), and (2) the impact of
planetary boundary layer scheme and resolution on Saudi Arabia’s planned
wind farms is small (at most 1.4%). Thus, our results lend support for the
construction of these wind farms in the next decade.
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ON THE FAIR COMPARISON OF OPTIMIZATION ALGORITHMS IN
DIFFERENT MACHINES
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An experimental comparison of two or more optimization algorithms re-
quires the same computational resources to be assigned to each algorithm.
When a maximum runtime is set as the stopping criterion, all algorithms need
to be executed in the same machine if they are to use the same resources.
Unfortunately, the implementation code of the algorithms is not always avail-
able, which means that running the algorithms to be compared in the same
machine is not always possible. And even if they are available, some opti-
mization algorithms might be costly to run, such as training large neural-
networks in the cloud.

In this paper we consider the following problem: how do we compare the
performance of a new optimization algorithm B with a known algorithm A
in the literature if we only have the results (the objective values) and the run-
time in each instance of algorithm A? Particularly, we present a methodology
that enables a statistical analysis of the performance of algorithms executed
in different machines. The proposed methodology has two parts. First, we
propose a model that, given the runtime of an algorithm in a machine, es-
timates the runtime of the same algorithm in another machine. This model
can be adjusted so that the probability of estimating a runtime longer than
what it should be is arbitrarily low. Second, we introduce an adaptation of the
one-sided sign test that uses a modified p-value and takes into account that
probability. Such adaptation avoids increasing the probability of type I error
associated with executing algorithms A and B in different machines.

REFERENCES

ARZA, E., CEBERIO, J., IRUROZKI, E. and PÉREZ, A. (2024). Supplement to “On the fair comparison of opti-
mization algorithms in different machines.” https://doi.org/10.1214/23-AOAS1778SUPPA, https://doi.org/10.
1214/23-AOAS1778SUPPB

ARZA, E., PÉREZ, A., IRUROZKI, E. and CEBERIO, J. (2020). Kernels of Mallows models under the Hamming
distance for solving the quadratic assignment problem. Swarm Evol. Comput. 100740. https://doi.org/10.1016/
j.swevo.2020.100740

BENLIC, U. and HAO, J.-K. (2015). Memetic search for the quadratic assignment problem. Expert Syst. Appl. 42
584–595. https://doi.org/10.1016/j.eswa.2014.08.011

BROWN, T. B., MANN, B., RYDER, N., SUBBIAH, M., KAPLAN, J., DHARIWAL, P., NEELAKAN-
TAN, A., SHYAM, P., SASTRY, G., ASKELL, A., AGARWAL, S., HERBERT-VOSS, A., KRUEGER, G.,
HENIGHAN, T., CHILD, R., RAMESH, A., ZIEGLER, D. A., WU, J., WINTER, C., HESSE, C., CHEN, M.,
SIGLER, E., LITWIN, M., GRAY, S., CHESS, B., CLARK, J., BERNER, C., MCCANDLISH, S., RAD-
FORD, A., SUTSKEVER, I. and AMODEI, D. (2020). Language models are few-shot learners. Available at
arXiv:2005.14165. https://doi.org/10.48550/ARXIV.2005.14165

CONOVER, W. J. (1980). Practical Nonparametric Statistics.
DOMÍNGUEZ, J. and ALBA, E. (2012). A methodology for comparing the execution time of metaheuristics run-

ning on different hardware. In Evolutionary Computation in Combinatorial Optimization 7245 1–12. Springer,
Berlin. https://doi.org/10.1007/978-3-642-29124-1_1

HUTSON, M. (2017). Artificial intelligence, in so many words. Science 356 19. MR3700131 https://doi.org/10.
1126/science.357.6346.19

Key words and phrases. Algorithms, optimization, benchmarking, statistical tests.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1778
http://www.imstat.org
mailto:earza@bcamath.org
mailto:aperez@bcamath.org
mailto:josu.ceberio@ehu.eus
mailto:irurozki@telecom-paris.fr
https://doi.org/10.1214/23-AOAS1778SUPPA
https://doi.org/10.1214/23-AOAS1778SUPPB
https://doi.org/10.1016/j.swevo.2020.100740
https://doi.org/10.1016/j.eswa.2014.08.011
http://arxiv.org/abs/arXiv:2005.14165
https://doi.org/10.48550/ARXIV.2005.14165
https://doi.org/10.1007/978-3-642-29124-1_1
https://mathscinet.ams.org/mathscinet-getitem?mr=3700131
https://doi.org/10.1126/science.357.6346.19
https://doi.org/10.1214/23-AOAS1778SUPPB
https://doi.org/10.1016/j.swevo.2020.100740
https://doi.org/10.1126/science.357.6346.19


NORDHAUS, W. D. (2007). Two centuries of productivity growth in computing. J. Econ. Hist. 67 128–159.
https://doi.org/10.1017/S0022050707000058

SHARIR, O., PELEG, B. and SHOHAM, Y. (2020). The cost of training NLP models: A concise overview. arXiv
preprint. Available at arXiv:2004.08900.

WASSERSTEIN, R. L. and LAZAR, N. A. (2016). The ASA’s statement on p-values: Context, process, and
purpose [Editorial]. Amer. Statist. 70 129–133. MR3511040 https://doi.org/10.1080/00031305.2016.1154108

WEICKER, R. P. (1988). Dhrystone benchmark: Rationale for version 2 and measurement rules. ACM SIGPLAN
Not. 23 49–62. https://doi.org/10.1145/47907.47911

ZEGGEL, M. (2019). Magic-square. Available at https://github.com/Gizmoscope/magic-square.
GEEKSFORGEEKS (2022a) 0-1 knapsack problem. https://www.geeksforgeeks.org/0-1-knapsack-problem-dp-

10/.
GEEKSFORGEEKS (2022b). N queen problem. https://www.geeksforgeeks.org/n-queen-problem-backtracking-3/.

https://doi.org/10.1017/S0022050707000058
http://arxiv.org/abs/arXiv:2004.08900
https://mathscinet.ams.org/mathscinet-getitem?mr=3511040
https://doi.org/10.1080/00031305.2016.1154108
https://doi.org/10.1145/47907.47911
https://github.com/Gizmoscope/magic-square
https://www.geeksforgeeks.org/0-1-knapsack-problem-dp-10/
https://www.geeksforgeeks.org/n-queen-problem-backtracking-3/
https://www.geeksforgeeks.org/0-1-knapsack-problem-dp-10/


The Annals of Applied Statistics
2024, Vol. 18, No. 1, 63–79
https://doi.org/10.1214/23-AOAS1779
© Institute of Mathematical Statistics, 2024

DISTRIBUTED PROPORTIONAL LIKELIHOOD RATIO MODEL WITH
APPLICATION TO DATA INTEGRATION ACROSS CLINICAL SITES

BY CHONGLIANG LUO1,a
 iD, RUI DUAN2,b, MACKENZIE EDMONDSON3,c,

JIASHENG SHI4,g, MITCHELL MALTENFORT4,h, JEFFREY S. MORRIS3,d, CHRISTOPHER

B. FORREST4,i, REBECCA HUBBARD3,e AND YONG CHEN3,f

1Division of Public Health Sciences, Washington University School of Medicine in St. Louis, achongliang@wustl.edu
2Department of Biostatistics, Harvard T.H. School of Public Health, brduan@hsph.harvard.edu

3Department of Biostatistics, Epidemiology and Informatics, University of Pennsylvania, cmacjohn@pennmedicine.upenn.edu,
djeffrey.morris@pennmedicine.upenn.edu, erhubb@pennmedicine.upenn.edu, fychen123@upenn.edu

4Applied Clinical Research Center, Roberts Center for Pediatric Research, Children’s Hospital of Philadelphia,
gjiasheng.shi@pennmedicine.upenn.edu, hmaltenform@chop.edu, iforrestc@chop.edu

Real-world evidence synthesis through integration of data from dis-
tributed research networks has gained increasing attention in recent years.
Due to privacy concerns and restrictions of sharing patient-level data, dis-
tributed algorithms that do not require sharing patient level information are
in great need for facilitating multisite collaborations. On the other hand, data
collected at multiple sites often come from diverse populations, and there ex-
ists a substantial amount of heterogeneity across sites in patient characteris-
tics. Most of the existing distributed algorithms have ignored such between-
site heterogeneity. In this paper we aim to fill this methodological gap by
proposing a general distributed algorithm. We develop our distributed algo-
rithm based on a general semiparametric model, namely, the proportional
likelihood ratio model (Biometrika 99 (2012) 211–222), which is a semi-
parametric extension of generalized linear model. We devise the proportional
likelihood ratio model with site-specific baseline function, to account for
between-site heterogeneity, and shared regression parameters to borrow in-
formation across sites. Under this flexible formulation, our distributed algo-
rithm is designed to be privacy-preserving and communication-efficient (i.e.,
only one round of communication across sites is needed). We validate our
method via simulation studies and demonstrate the utility of our method via
a multisite study of pediatric avoidable hospitalization based on electronic
health record data from a total of 354,672 patients across 26 different clinical
sites within the Children’s Hospital of Philadelphia health system.
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In multiple instance learning (MIL), the response variable is predicted
by features (or covariates) of one or more instances, which are collectively
denoted as a bag. Learning the relationship between bags and instances is
challenging because of the unknown and possibly complicated data gener-
ating mechanism regarding how instances contribute to the bag label. MIL
has been applied to solve a variety of real-world problems, which have been
mostly focused on supervised tasks, such as molecule activity prediction, pro-
tein binding affinities prediction, object detection, and computer-aided diag-
nosis. However, to date, the majority of the off-the-shelf MIL methods are
developed in the computer science domain, and they focus on improving the
prediction performance while spending little effort on explainability of the
algorithm. In this article a Bayesian multiple instance learning model, based
on probit regression (MICProB), is proposed, which contributes a signifi-
cant portion to the suite of statistical methodologies for MIL. MICProB is
composed of two nested probit regression models, where the inner model
is estimated for predicting primary instances, which are considered as the
“important” ones that determine the bag label, and the outer model is for pre-
dicting bag-level responses based on the primary instances estimated by the
inner model. The posterior distribution of MICProB can be conveniently ap-
proximated using a Gibbs sampler, and the prediction for new bags can be
performed in a fully integrated Bayesian way. We evaluate the performance
of MICProB against 15 benchmark methods and demonstrate its competi-
tiveness in simulation and real-data examples. In addition to its capability
of identifying primary instances, as compared to existing optimization-based
approaches, MICProB also enjoys great advantages in providing a transpar-
ent model structure, straightforward statistical inference of quantities related
to model parameters, and favorable interpretability of covariate effects on the
bag-level response.
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Diffusion-weighted magnetic resonance imaging (D-MRI) is an in vivo
and noninvasive imaging technology for characterizing tissue microstructure
in biological samples. A major application of D-MRI is for white matter fiber
tract reconstruction in brains. It begins by estimating the water molecule
movements (serving as proxies for fiber directions) in the brain voxels and
then combines the results to form fiber tracts. The voxel-level fiber direc-
tion information can be modeled by a fiber orientation distribution (FOD)
function, and in this paper, we propose a computationally scalable FOD es-
timator, the blockwise James–Stein (BJS) estimator. We then apply BJS to
the D-MRI data from the Human Connectome Project (HCP) to study brain
lateralization, an important topic in neuroscience. Specifically, we focus on
the association between lateralization of the superior longitudinal fasciculus
(SLF)—a major association tract and handedness. For each subject from the
HCP data, we extract voxel-level directional information by BJS and then re-
construct the SLF in each brain hemisphere through a tractography algorithm.
Finally, we derive a lateralization score that quantifies hemispheric asymme-
try of the reconstructed SLF. We then relate this lateralization score to gender
and handedness through an ANOVA model, where significant handedness ef-
fects are found. The results indicate that the SLF lateralization is likely to
be different in right-handed and left-handed individuals. Codes and example
scripts for both synthetic experiments and HCP data application can be found
at https://github.com/vic-dragon/BJS.
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Systematic measurement error in self-reported data creates important
challenges in association studies between dietary intakes and chronic dis-
ease risks, especially when multiple dietary components are studied jointly.
The joint regression calibration method has been developed for measure-
ment error correction when objectively measured biomarkers are available
for all dietary components of interest. Unfortunately, objectively measured
biomarkers are only available for very few dietary components, which limits
the application of the joint regression calibration method. Recently, for sin-
gle dietary components, controlled feeding studies have been performed to
develop new biomarkers for many more dietary components. However, it is
unclear whether the biomarkers separately developed for single dietary com-
ponents are valid for joint calibration. In this paper we show that biomarkers
developed for single dietary components cannot be used for joint regression
calibration. We propose new methods to utilize controlled feeding studies to
develop valid biomarkers for joint regression calibration to estimate the asso-
ciation between multiple dietary components simultaneously with the disease
of interest. Asymptotic distribution theory for the proposed estimators is de-
rived. Extensive simulations are performed to study the finite sample perfor-
mance of the proposed estimators. We apply our methods to examine the joint
effects of sodium and potassium intakes on cardiovascular disease incidence
using the Women’s Health Initiative cohort data. We identify positive associ-
ations between sodium intake and cardiovascular diseases as well as negative
associations between potassium intake and cardiovascular disease.

REFERENCES

ADAMS, K. F., SCHATZKIN, A., HARRIS, T. B., KIPNIS, V., MORRIS, T. and BALLARD-BARBASH, R. (2006).
Overweight, obesity and mortality in a large prospective cohort of persons 50 to 71 years old. N. Engl. J. Med.
355 763–778.

BARTLETT, J. W. and KEOGH, R. H. (2018). Bayesian correction for covariate measurement error: A frequentist
evaluation and comparison with regression calibration. Stat. Methods Med. Res. 27 1695–1708.

CARROLL, R. J., RUPPERT, D. and STEFANSKI, L. A. (1995). Measurement error in nonlinear models Chapman
and Hall London.

CARROLL, R. J., RUPPERT, D., STEFANSKI, L. A. and CRAINICEANU, C. M. (2006). Measurement Error in
Nonlinear Models: A Modern Perspective. CRC Press, US.

COOK, N. R., OBARZANEK, E., CUTLER, J. A., BURING, J. E., REXRODE, K. M., KUMANYIKA, S. K.,
APPEL, L. J. and WHELTON, P. K. (2009). Joint effects of sodium and potassium intake on subsequent
cardiovascular disease: The trials of hypertension prevention follow-up study. Arch. Intern. Med. 169 32–40.

. WORLD CANCER RESEARCH FUND/AMERICAN INSTITUTE FOR CANCER RESEARCH (WCRF/AICR)
(2007). Food, Nutrition and the Prevention of Cancer: A Global Perspective. American Institute for Cancer
Research, Washington, DC.

Key words and phrases. Measurement error, regression calibration, feeding study, biomarker, cardiovascular
disease.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1782
http://www.imstat.org
mailto:yzhang693@outlook.com
mailto:ran.dai@unmc.edu
mailto:cheng.zheng@unmc.edu
mailto:yhuang@fhcrc.org
mailto:rprentic@whi.org


FREEDMAN, L. S., SCHATZKIN, A., MIDTHUNE, D. and KIPNIS, V. (2011). Dealing with dietary measurement
error in nutritional cohort studies. J. Natl. Cancer Inst. 103 1086–1092. https://doi.org/10.1093/jnci/djr189

GELEIJNSE, J. M., KOK, F. J. and GROBBEE, D. E. (2004). Impact of dietary and lifestyle factors on the
prevalence of hypertension in Western populations. Eur. J. Public Health 14 235–239. https://doi.org/10.1093/
eurpub/14.3.235

GLATZ, N., CHAPPUIS, A., CONEN, D., ERNE, P., PÉCHÈRE-BERTSCHI, A., GUESSOUS, I., FOGNA, V.,
GABUTTI, L., MUGGLI, F. et al. (2017). Associations of sodium, potassium and protein intake with blood
pressure and hypertension in Switzerland. Swiss Med. Wkly. 147 w14411.

HU, C. and LIN, D. Y. (2002). Cox regression with covariate measurement error. Scand. J. Stat. 29 637–655.
HUANG, Y., VAN HORN, L., TINKER, L. F., NEUHOUSER, M. L., CARBONE, L., MOSSAVAR-RAHMANI,

Y., THOMAS, F. and PRENTICE, R. L. (2014). Measurement error corrected sodium and potassium intake
estimation using 24-hour urinary excretion. Hypertens. 63 238–244.

HUANG, Y. and WANG, C. Y. (2000). Cox regression with accurate covariate unascertainable: A nonparametric-
correction approach. J. Amer. Statist. Assoc. 45 1209–1219.

HUANG, Y., ZHENG, C., TINKER, L., NEUHOUSER, M. and PRENTICE, R. (2022). Biomarker-based methods
and study designs to calibrate dietary intake for assessing diet-disease associations. J. Nutr. 152 899–906.

KORZUN, W. and MILLER, W. (1987). Sodium and potassium. In Methods in Clinical Chemistry (A. Pesce and
K. L, eds.) p. 86. CV Mosby, St. Louis MO.

LAMPE, J. W., HUANG, Y., NEUHOUSER, M. L., TINKER, L. F., SONG, X., SCHOELLER, D. A., KIM, S.,
RAFTERY, D., DI, C. et al. (2017). Dietary biomarker evaluation in a controlled feeding study in women from
the women’s health initiative cohort. Am. J. Clin. Nutr. 105 466–475.

LI, Y. and RYAN, L. (2006b). Inference on survival data with covariate measurement error-an imputationap-
proach. Scand. J. Stat. 33 169–190.

MIZÉHOUN-ADISSODA, C., HOUINATO, D., HOUEHANOU, C., CHIANEA, T., DALMAY, F., BIGOT, A., ABOY-
ANS, V., PREUX, P.-M., BOVET, P. et al. (2017). Dietary sodium and potassium intakes: Data from urban and
rural areas. Nutr. 33 35–41.

O’DONNELL, M., MENTE, A., RANGARAJAN, S., MCQUEEN, M. J., WANG, X., LIU, L., YAN, H., LEE, S.
F., MONY, P. et al. (2014). Urinary sodium and potassium excretion, mortality, and cardiovascular events. N.
Engl. J. Med. 371 612–623.

PAERATAKUL, S., POPKIN, B. M., KOHLMEIER, L., HERTZ-PICCIOTTO, I., GUO, X. and EDWARDS, L. J.
(1998). Measurement error in dietary data: Implications for the epidemiologic study of the diet-disease rela-
tionship. Eur. J. Clin. Nutr. 52 722–727.

PRENTICE, R., PETTINGER, M., NEUHOUSER, M., RAFTERY, D., ZHENG, C., GOWDA, N., HUANG, Y.,
TINKER, L., HOWARD, B. et al. (2021). Biomarker-calibrated macronutrient intake and chronic disease risk
among postmenopausal women. J. Nutr. 151 2330–2341.

PRENTICE, R. L. (1982). Covariate measurement errors and parameter estimation in a failure time regression
model. Biometrika 69 331–342.

PRENTICE, R. L., ARAGAKI, A. K., VAN HORN, L., THOMSON, C. A., TINKER, L. F., MANSON, J. E.,
MOSSAVAR-RAHMANI, Y., HUANG, Y., ZHENG, C. et al. (2022). Mortality associated with healthy eating
index components and an empirical-scores healthy eating index in a cohort of postmenopausal women. J. Nutr.
152 2493–2504.

PRENTICE, R. L., HUANG, Y., NEUHOUSER, M. L., MANSON, J. E., MOSSAVAR-RAHMANI, Y., THOMAS, F.,
TINKER, L. F., ALLISON, M., JOHNSON, K. C. et al. (2017). Associations of biomarker-calibrated sodium
and potassium intakes with cardiovascular disease risk among postmenopausal women. Amer. J. Epidemiol.
186 1035–1043.

PRENTICE, R. L., MOSSAVAR-RAHMANI, Y., HUANG, Y., HORN, L. V., BERESFORD, S. A. A., CAAN, B.,
TINKER, L., SCHOELLER, D., BINGHAM, S. et al. (2011). Evaluation and comparison of food records, recalls,
and frequencies for energy and protein assessment by using recovery biomarkers. Amer. J. Epidemiol. 174
591–603.

PRENTICE, R. L., TINKER, L. F., HUANG, Y. and NEUHOUSER, M. L. (2013). Calibration of self-reported
dietary measures using biomarkers: An approach to enhancing nutritional epidemiology reliability. Curr.
Atheroscl. Rep. 15 353.

ROSNER, B., SPIEGELMAN, D. and WILLETT, W. C. (1990). Correction of logistic regression relative risk
estimates and confidence intervals for measurement error: The case of multiple covariates measured with
error. Amer. J. Epidemiol. 132 734–745.

SHAW, P. A. and PRENTICE, R. L. (2012). Hazard ratio estimation for biomarker-calibrated dietary exposures.
Biometrics 68 397–407.

SONG, X. and HUANG, X. (2005). On corrected score approach for proportional hazards model with covariate-
measurement error. Biometrics 61 702–714.

https://doi.org/10.1093/jnci/djr189
https://doi.org/10.1093/eurpub/14.3.235
https://doi.org/10.1093/eurpub/14.3.235


WANG, C. Y., HSU, L., FENG, Z. D. and PRENTICE, R. L. (1997). Regression calibration in failure time regres-
sion. Biometrics 53 131–145.

XI, L., HAO, Y.-C., LIU, J., WANG, W., WANG, M., LI, G.-Q., QI, Y., ZHAO, F., XIE, W.-X. et al. (2015).
Associations between serum potassium and sodium levels and risk of hypertension: A community-based cohort
study. J. Geriatr. Cardiol. 12 119–126.

YAN, Y. and YI, G. Y. (2015b). A corrected profile likelihood method for survival data with covariate measure-
ment error under the Cox model. Canad. J. Statist. 43 454–480.

ZHANG, Y., DAI, R., HUANG, Y., PRENTICE, R. and ZHENG, C. (2024). Supplement to “Using simultaneous
regression calibration to study the effect of multiple error-prone exposures on disease risk utilizing biomarkers
developed from a controlled feeding study.” https://doi.org/10.1214/23-AOAS1782SUPP

ZHENG, C., BERESFORD, S. A. A., HORN, L. V., TINKER, L. F., THOMSON, C. A., NEUHOUSER, M. L.,
DI, C., MANSON, J. E., MOSSAVAR-RAHMANI, Y. et al. (2014). Simultaneous association of total energy
consumption and activity-related energy expenditure with cardiovascular disease, cancer, and diabetes risk
among postmenopausal women. Amer. J. Epidemiol. 180 526–535.

ZHENG, C., ZHANG, Y., HUANG, Y. and PRENTICE, R. (2023). Using controlled feeding study for biomarker
development in regression calibration for disease association estimation. Stat. Biosci. 15 57–113.

ZUCKER, D. M. (2005b). A pseudo-partial likelihood method for semiparametric survival regression withcovari-
ate errors. J. Amer. Statist. Assoc. 100 1264–1277.

https://doi.org/10.1214/23-AOAS1782SUPP


The Annals of Applied Statistics
2024, Vol. 18, No. 1, 144–158
https://doi.org/10.1214/23-AOAS1783
© Institute of Mathematical Statistics, 2024

A QUANTITATIVE LINGUISTIC ANALYSIS OF A CANCER ONLINE
HEALTH COMMUNITY WITH A SMOOTH LATENT SPACE MODEL

BY MENGQUE LIU1,a, XINYAN FAN2,b AND SHUANGGE MA3,c

1School of Journalism and New Media, Xi’an Jiaotong University, amengqueliu@xjtu.edu.cn
2Center for Applied Statistics and School of Statistics, Renmin University of China, b1031820039@qq.com

3Department of Biostatistics, Yale University, cshuangge.ma@yale.edu

Online health communities (OHCs) provide free, open, and well-
resourced platforms for patients, family members, and others to discuss ill-
nesses, express feelings, and connect with others. Linguistic analysis of OHC
posts can assist in better understanding disease conditions as well as moni-
toring the emotional and mental status of patients and those who are closely
related. Many existing OHC linguistic analyses are limited by focusing on
individual words. There are a handful of cooccurrence network analyses,
which have multiple methodological limitations. In this article we analyze
posts that are publicly available at the LUNGevity Foundation’s Lung Can-
cer Support Community (LCSC). The analyzed data contains 21,028 posts
published between April 2018 and February 2022. For word cooccurrence
network analysis, we develop a two-part latent space model, which advances
from the existing ones by accommodating network weights. Further, we con-
sider the scenario where there are change points in time, networks remain
the same between two change points but differ on the two sides of a change
point, and the number and locations of change points are unknown. A pe-
nalized fusion approach is developed to data-dependently determine change
points and estimate networks. In data analysis multiple change points are
identified, which reflect significant changes in lung cancer patients’ and their
close affiliates’ emotional/mental status and mostly align with the changes
in COVID-19. The obtained network structures and other findings are also
sensible.
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Ensemble weather forecasts based on multiple runs of numerical weather
prediction models typically show systematic errors and require postprocess-
ing to obtain reliable forecasts. Accurately modeling multivariate dependen-
cies is crucial in many practical applications, and various approaches to mul-
tivariate postprocessing have been proposed where ensemble predictions are
first postprocessed separately in each margin and multivariate dependencies
are then restored via copulas. These two-step methods share common key
limitations, in particular, the difficulty to include additional predictors in
modeling the dependencies. We propose a novel multivariate postprocessing
method based on generative machine learning to address these challenges. In
this new class of nonparametric data-driven distributional regression models,
samples from the multivariate forecast distribution are directly obtained as
output of a generative neural network. The generative model is trained by
optimizing a proper scoring rule, which measures the discrepancy between
the generated and observed data, conditional on exogenous input variables.
Our method does not require parametric assumptions on univariate distri-
butions or multivariate dependencies and allows for incorporating arbitrary
predictors. In two case studies on multivariate temperature and wind speed
forecasting at weather stations over Germany, our generative model shows
significant improvements over state-of-the-art methods and particularly im-
proves the representation of spatial dependencies.

REFERENCES

ADEL, T., GHAHRAMANI, Z. and WELLER, A. (2018). Discovering interpretable representations for both deep
generative and discriminative models. In Proceedings of the 35th International Conference on Machine Learn-
ing 80 50–59. PMLR, Atlanta, GA, USA.

ALEXANDER, C., COULON, M., HAN, Y. and MENG, X. (2022). Evaluating the discrimination ability of proper
multi-variate scoring rules. Ann. Oper. Res. 1–27.

ALLEN, S., GINSBOURGER, D. and ZIEGEL, J. (2022). Evaluating forecasts for high-impact events using trans-
formed kernel scores. Preprint. Available at arXiv:2202.12732.

BARAN, S. and LERCH, S. (2015). Log-normal distribution based ensemble model output statistics models for
probabilistic wind-speed forecasting. Q. J. R. Meteorol. Soc. 141 2289–2299.

BARAN, S. and LERCH, S. (2016). Mixture EMOS model for calibrating ensemble forecasts of wind speed.
Environmetrics 27 116–130. MR3481324 https://doi.org/10.1002/env.2380

BARAN, S. and MÖLLER, A. (2015). Joint probabilistic forecasting of wind speed and temperature using
Bayesian model averaging. Environmetrics 26 120–132. MR3324906 https://doi.org/10.1002/env.2316

BARAN, S., SZOKOL, P. and SZABÓ, M. (2021). Truncated generalized extreme value distribution-based ensem-
ble model output statistics model for calibration of wind speed ensemble forecasts. Environmetrics 32 e2678.
MR4309587 https://doi.org/10.1002/env.2678

BAUER, P., THORPE, A. and BRUNET, G. (2015). The quiet revolution of numerical weather prediction. Nature
525 47–55. https://doi.org/10.1038/nature14956

Key words and phrases. Generative machine learning, ensemble postprocessing, multivariate postprocessing,
probabilistic forecasting, weather forecasting.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1784
http://www.imstat.org
https://orcid.org/0000-0002-8151-5916
https://orcid.org/0000-0001-7453-4572
https://orcid.org/0000-0003-3012-9991
https://orcid.org/0000-0002-3467-4375
mailto:jieyu.chen@kit.edu
mailto:sebastian.lerch@kit.edu
mailto:tim.janke@gmx.net
mailto:florian.steinke@eins.tu-darmstadt.de
http://arxiv.org/abs/arXiv:2202.12732
https://mathscinet.ams.org/mathscinet-getitem?mr=3481324
https://doi.org/10.1002/env.2380
https://mathscinet.ams.org/mathscinet-getitem?mr=3324906
https://doi.org/10.1002/env.2316
https://mathscinet.ams.org/mathscinet-getitem?mr=4309587
https://doi.org/10.1002/env.2678
https://doi.org/10.1038/nature14956


BERGSTRA, J., YAMINS, D. and COX, D. (2013). Making a science of model search: Hyperparameter optimiza-
tion in hundreds of dimensions for vision architectures. In Proceedings of the 30th International Conference
on Machine Learning 28 115–123. PMLR, Atlanta, GA, USA.

BOUALLEGUE, Z. B., HAIDEN, T., WEBER, N. J., HAMILL, T. M. and RICHARDSON, D. S. (2020). Ac-
counting for representativeness in the verification of ensemble precipitation forecasts. Mon. Weather Rev. 148
2049–2062.

BOUALLÈGUE, Z. B., HEPPELMANN, T., THEIS, S. E. and PINSON, P. (2016). Generation of scenarios from
calibrated ensemble forecasts with a dual-ensemble copula-coupling approach. Mon. Weather Rev. 144 4737–
4750.

BOUGEAULT, P., TOTH, Z. et al. (2010). The THORPEX interactive grand global ensemble. Bull. Am. Meteorol.
Soc. 91 1059–1072.

BREMNES, J. B. (2020). Ensemble postprocessing using quantile function regression based on neural networks
and Bernstein polynomials. Mon. Weather Rev. 148 403–414.

CHALOULOS, G. and LYGEROS, J. (2007). Effect of wind correlation on aircraft conflict probability. J. Guid.
Control Dyn. 30 1742–1752.

CHAPMAN, W. E., MONACHE, L. D., ALESSANDRINI, S., SUBRAMANIAN, A. C., RALPH, F. M., XIE, S.-
P., LERCH, S. and HAYATBINI, N. (2022). Probabilistic predictions from deterministic atmospheric river
forecasts with deep learning. Mon. Weather Rev. 150 215–234.

CHEN, J., JANKE, T., STEINKE, F. and LERCH, S. (2024). Supplement to “Generative machine learning methods
for multivariate ensemble postprocessing.” https://doi.org/10.1214/23-AOAS1784SUPPA, https://doi.org/10.
1214/23-AOAS1784SUPPB

CHEN, X., DUAN, Y., HOUTHOOFT, R., SCHULMAN, J., SUTSKEVER, I. and ABBEEL, P. (2016). InfoGAN:
Interpretable representation learning by information maximizing generative adversarial nets. In Advances in
Neural Information Processing Systems 29. Curran Associates, Red Hook.

CLARK, M., GANGOPADHYAY, S., HAY, L., RAJAGOPALAN, B. and WILBY, R. (2004). The Schaake shuf-
fle: A method for reconstructing space–time variability in forecasted precipitation and temperature fields. J.
Hydrometeorol. 5 243–262.

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

DAI, Y. and HEMRI, S. (2021). Spatially coherent postprocessing of cloud cover ensemble forecasts. Mon.
Weather Rev. 149 3923–3937.

DZIUGAITE, G. K., ROY, D. M. and GHAHRAMANI, Z. (2015). Training generative neural networks via Maxi-
mum Mean Discrepancy optimization. Preprint. Available at arXiv:1505.03906.

FELDMANN, K., SCHEUERER, M. and THORARINSDOTTIR, T. L. (2015). Spatial postprocessing of ensemble
forecasts for temperature using nonhomogeneous Gaussian regression. Mon. Weather Rev. 143 955–971.

GNEITING, T., BALABDAOUI, F. and RAFTERY, A. E. (2007). Probabilistic forecasts, calibration and sharpness.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 69 243–268. MR2325275 https://doi.org/10.1111/j.1467-9868.2007.
00587.x

GNEITING, T. and RAFTERY, A. E. (2007a). Strictly proper scoring rules, prediction, and estimation. J. Amer.
Statist. Assoc. 102 359–378. MR2345548 https://doi.org/10.1198/016214506000001437

GNEITING, T., RAFTERY, A. E., WESTVELD, A. H. and GOLDMAN, T. (2005). Calibrated probabilistic fore-
casting using ensemble model output statistics and minimum CRPS estimation. Mon. Weather Rev. 133 1098–
1118.

GOODFELLOW, I. J., POUGET-ABADIE, J., MIRZA, M., XU, B., WARDE-FARLEY, D., OZAIR, S., COURVILLE,
A. and BENGIO, Y. (2014). Generative adversarial nets. In NIPS’14: Proceedings of the 27th International
Conference on Neural Information Processing Systems—Volume 2 2672–2680. MIT Press, Cambridge, MA,
USA.

GRETTON, A., BORGWARDT, K. M., RASCH, M. J., SCHÖLKOPF, B. and SMOLA, A. (2012). A kernel two-
sample test. J. Mach. Learn. Res. 13 723–773. MR2913716

GUI, J., SUN, Z., WEN, Y., TAO, D. and YE, J. (2021). A review on generative adversarial networks: Algorithms,
theory, and applications. IEEE Trans. Knowl. Data Eng. 1–1.

HARRIS, L., MCRAE, A. T. T., CHANTRY, M., DUEBEN, P. D. and PALMER, T. N. (2022). A generative
deep learning approach to stochastic downscaling of precipitation forecasts. J. Adv. Model. Earth Syst. 14
e2022MS003120.

HAUPT, S. E., CHAPMAN, W., ADAMS, S. V., KIRKWOOD, C., HOSKING, J. S., ROBINSON, N. H., LERCH, S.
and SUBRAMANIAN, A. C. (2021). Towards implementing artificial intelligence post-processing in weather
and climate: Proposed actions from the Oxford 2019 workshop. Philos. Trans. R. Soc. A 379 20200091.
MR4236151 https://doi.org/10.1098/rsta.2020.0091

https://doi.org/10.1214/23-AOAS1784SUPPA
https://doi.org/10.1214/23-AOAS1784SUPPB
http://arxiv.org/abs/arXiv:1511.07289
http://arxiv.org/abs/arXiv:1505.03906
https://mathscinet.ams.org/mathscinet-getitem?mr=2325275
https://doi.org/10.1111/j.1467-9868.2007.00587.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2345548
https://doi.org/10.1198/016214506000001437
https://mathscinet.ams.org/mathscinet-getitem?mr=2913716
https://mathscinet.ams.org/mathscinet-getitem?mr=4236151
https://doi.org/10.1098/rsta.2020.0091
https://doi.org/10.1214/23-AOAS1784SUPPB
https://doi.org/10.1111/j.1467-9868.2007.00587.x


HESS, P., DRÜKE, M., PETRI, S., STRNAD, F. and BOERS, N. (2022). Physically constrained generative adver-
sarial networks for improving precipitation fields from Earth system models. Nature Machine Intelligence 4
828–839. https://doi.org/10.1038/s42256-022-00540-1

HU, Y., SCHMEITS, M. J., VAN ANDEL, S. J., VERKADE, J. S., XU, M., SOLOMATINE, D. P. and LIANG, Z.
(2016). A stratified sampling approach for improved sampling from a calibrated ensemble forecast distribution.
J. Hydrometeorol. 17 2405–2417.

JANKE, T., GHANMI, M. and STEINKE, F. (2021). Implicit generative copulas. In Advances in Neural Informa-
tion Processing Systems 34 26028–26039. Curran Associates, Red Hook.

JANKE, T. and STEINKE, F. (2020). Probabilistic multivariate electricity price forecasting using implicit genera-
tive ensemble post-processing. In 2020 International Conference on Probabilistic Methods Applied to Power
Systems (PMAPS) 1–6. IEEE, Los Alamitos.

JORDAN, A., KRÜGER, F. and LERCH, S. (2019). Evaluating probabilistic forecasts with scoringRules. J. Stat.
Softw. 90 1–37.

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

LAKATOS, M., LERCH, S., HEMRI, S. and BARAN, S. (2023). Comparison of multivariate post-processing
methods using global ECMWF ensemble forecasts. Q. J. R. Meteorol. Soc. 149 856–877.

LAKSHMINARAYANAN, B., PRITZEL, A. and BLUNDELL, C. (2017). Simple and scalable predictive uncertainty
estimation using deep ensembles. In NIPS’17: Proceedings of the 31st International Conference on Neural
Information Processing Systems 6405–6416. Curran Associates Inc., Red Hook, NY, USA.

LANG, M. N., LERCH, S., MAYR, G. J., SIMON, T., STAUFFER, R. and ZEILEIS, A. (2020). Remember the
past: A comparison of time-adaptive training schemes for non-homogeneous regression. Nonlinear Process.
Geophys. 27 23–34.

LANG, M. N., MAYR, G. J., STAUFFER, R. and ZEILEIS, A. (2019). Bivariate Gaussian models for wind vectors
in a distributional regression framework. Adv. Stat. Climatol. Meteorol. Oceanogr. 5 115–132.

LEINONEN, J., NERINI, D. and BERNE, A. (2021). Stochastic super-resolution for downscaling time-evolving
atmospheric fields with a generative adversarial network. IEEE Trans. Geosci. Remote Sens. 59 7211–7223.

LERCH, S. and BARAN, S. (2017). Similarity-based semilocal estimation of post-processing models. J. R. Stat.
Soc. Ser. C. Appl. Stat. 66 29–51. MR3611676 https://doi.org/10.1111/rssc.12153

LERCH, S., BARAN, S., MÖLLER, A., GROSS, J., SCHEFZIK, R., HEMRI, S. and GRAETER, M. (2020).
Simulation-based comparison of multivariate ensemble post-processing methods. Nonlinear Process. Geo-
phys. 27 349–371.

LERCH, S. and POLSTERER, K. L. (2022). Convolutional autoencoders for spatially-informed ensemble post-
processing. International Conference on Learning Representations (ICLR) 2022—AI for Earth and Space Sci-
ence Workshop. https://doi.org/10.48550/arXiv.2204.05102

LERCH, S. and THORARINSDOTTIR, T. L. (2013). Comparison of non-homogeneous regression models for prob-
abilistic wind speed forecasting. Tellus, Ser. A Dyn. Meteorol. Oceanogr. 65 21206.

LERCH, S., THORARINSDOTTIR, T. L., RAVAZZOLO, F. and GNEITING, T. (2017). Forecaster’s dilemma: Ex-
treme events and forecast evaluation. Statist. Sci. 32 106–127. MR3634309 https://doi.org/10.1214/16-STS588

LI, Y., SWERSKY, K. and ZEMEL, R. (2015). Generative moment matching networks. In Proceedings of the 32nd
International Conference on Machine Learning 37 1718–1727. PMLR, Lille, France.

MATHESON, J. E. and WINKLER, R. L. (1976). Scoring rules for continuous probability distributions. Manage.
Sci. 22 1087–1096.

MCGOVERN, A., LAGERQUIST, R., GAGNE, D. J., JERGENSEN, G. E., ELMORE, K. L., HOMEYER, C. R.
and SMITH, T. (2019). Making the black box more transparent: Understanding the physical implications of
machine learning. Bull. Am. Meteorol. Soc. 100 2175–2199.

MOHAMED, S. and LAKSHMINARAYANAN, B. (2016). Learning in Implicit Generative Models. Preprint. Avail-
able at arXiv:1610.03483.

MÖLLER, A., LENKOSKI, A. and THORARINSDOTTIR, T. L. (2013). Multivariate probabilistic forecasting using
ensemble Bayesian model averaging and copulas. Q. J. R. Meteorol. Soc. 139 982–991.

MUSCHINSKI, T., LANG, M. N., MAYR, G. J., MESSNER, J. W., ZEILEIS, A. and SIMON, T. (2022). Predicting
power ramps from joint distributions of future wind speeds. Wind Energy Sci. 7 2393–2405.

NELSEN, R. B. (2006). An Introduction to Copulas, 2nd ed. Springer Series in Statistics. Springer, New York.
MR2197664 https://doi.org/10.1007/s11229-005-3715-x

PACCHIARDI, L., ADEWOYIN, R., DUEBEN, P. and DUTTA, R. (2021). Probabilistic forecasting with generative
networks via scoring rule minimization. Preprint. Available at arXiv:2112.08217.

PANTILLON, F., LERCH, S., KNIPPERTZ, P. and CORSMEIER, U. (2018). Forecasting wind gusts in winter
storms using a calibrated convection-permitting ensemble. Q. J. R. Meteorol. Soc. 144 1864–1881.

PEDREGOSA, F., VAROQUAUX, G., GRAMFORT, A. et al. (2011). Scikit-learn: Machine learning in Python. J.
Mach. Learn. Res. 12 2825–2830. MR2854348

https://doi.org/10.1038/s42256-022-00540-1
http://arxiv.org/abs/arXiv:1412.6980
https://mathscinet.ams.org/mathscinet-getitem?mr=3611676
https://doi.org/10.1111/rssc.12153
https://doi.org/10.48550/arXiv.2204.05102
https://mathscinet.ams.org/mathscinet-getitem?mr=3634309
https://doi.org/10.1214/16-STS588
http://arxiv.org/abs/arXiv:1610.03483
https://mathscinet.ams.org/mathscinet-getitem?mr=2197664
https://doi.org/10.1007/s11229-005-3715-x
http://arxiv.org/abs/arXiv:2112.08217
https://mathscinet.ams.org/mathscinet-getitem?mr=2854348


PENNINGTON, J., SOCHER, R. and MANNING, C. (2014). GloVe: Global vectors for word representation. In
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP) 1532–
1543. Association for Computational Linguistics, Doha, Qatar.

PERRONE, E., SCHICKER, I. and LANG, M. N. (2020). A case study of empirical copula methods for the statis-
tical correction of forecasts of the ALADIN-LAEF system. Meteorol. Z. 29 277–288.

PETROPOULOS, F. et al. (2022). Forecasting: Theory and practice. Int. J. Forecast. 38 705–871.
PINSON, P. and GIRARD, R. (2012). Evaluating the quality of scenarios of short-term wind power generation.

Appl. Energy 96 12–20.
PINSON, P. and MESSNER, J. W. (2018). Chapter 9—Application of postprocessing for renewable energy. In

Statistical Postprocessing of Ensemble Forecasts 241–266. Elsevier, Amsterdam.
PRICE, I. and RASP, S. (2022). Increasing the accuracy and resolution of precipitation forecasts using deep

generative models. In Proceedings of the 25th International Conference on Artificial Intelligence and Statistics
151 10555–10571. PMLR, Atlanta, GA, USA.

RASP, S. and LERCH, S. (2018). Neural networks for postprocessing ensemble weather forecasts. Mon. Weather
Rev. 146 3885–3900.

RAVURI, S., LENC, K., WILLSON, M. et al. (2021). Skilful precipitation nowcasting using deep generative
models of radar. Nature 597 672–677.

SCHEFZIK, R. (2016). A similarity-based implementation of the Schaake shuffle. Mon. Weather Rev. 144 1909–
1921.

SCHEFZIK, R. and MÖLLER, A. (2018). Chapter 4—Ensemble postprocessing methods incorporating depen-
dence structures. In Statistical Postprocessing of Ensemble Forecasts 91–125. Elsevier, Amsterdam.

SCHEFZIK, R., THORARINSDOTTIR, T. L. and GNEITING, T. (2013). Uncertainty quantification in complex
simulation models using ensemble copula coupling. Statist. Sci. 28 616–640. MR3161590 https://doi.org/10.
1214/13-STS443

SCHEUERER, M. and HAMILL, T. M. (2015). Variogram-based proper scoring rules for probabilistic forecasts of
multivariate quantities. Mon. Weather Rev. 143 1321–1334.

SCHEUERER, M., HAMILL, T. M., WHITIN, B., HE, M. and HENKEL, A. (2017). A method for preferential
selection of dates in the Schaake shuffle approach to constructing spatiotemporal forecast fields of temperature
and precipitation. Water Resour. Res. 53 3029–3046.

SCHEUERER, M. and MÖLLER, D. (2015). Probabilistic wind speed forecasting on a grid based on ensemble
model output statistics. Ann. Appl. Stat. 9 1328–1349. MR3418725 https://doi.org/10.1214/15-AOAS843

SCHEUERER, M., SWITANEK, M. B., WORSNOP, R. P. and HAMILL, T. M. (2020). Using artificial neural
networks for generating probabilistic subseasonal precipitation forecasts over California. Mon. Weather Rev.
148 3489–3506.

SCHUHEN, N., THORARINSDOTTIR, T. L. and GNEITING, T. (2012). Ensemble model output statistics for wind
vectors. Mon. Weather Rev. 140 3204–3219.

SCHULZ, B. and LERCH, S. (2022a). Machine learning methods for postprocessing ensemble forecasts of wind
gusts: A systematic comparison. Mon. Weather Rev. 150 235–257.

SCHULZ, B. and LERCH, S. (2022b). Aggregating distribution forecasts from deep ensembles. Preprint. Available
at arXiv:2204.02291.

SEJDINOVIC, D., SRIPERUMBUDUR, B., GRETTON, A. and FUKUMIZU, K. (2013). Equivalence of
distance-based and RKHS-based statistics in hypothesis testing. Ann. Statist. 41 2263–2291. MR3127866
https://doi.org/10.1214/13-AOS1140

SKLAR, M. (1959). Fonctions de répartition à n dimensions et leurs marges. Publ. Inst. Stat. Univ. Paris 8 229–
231. MR0125600

SLOUGHTER, M., GNEITING, T. and RAFTERY, A. E. (2010). Probabilistic wind speed forecasting using ensem-
bles and Bayesian model averaging. J. Amer. Statist. Assoc. 105 25–35. MR2757189 https://doi.org/10.1198/
jasa.2009.ap08615

SONG, Y. and ERMON, S. (2020). Improved techniques for training score-based generative models. In NIPS’20:
Proceedings of the 34th International Conference on Neural Information Processing Systems 1043 12438–
12448. Curran Associates Inc., Red Hook, NY, USA.

SZÉKELY, G. J. and RIZZO, M. L. (2013). Energy statistics: A class of statistics based on distances. J. Stat. Plan.
Inference. 143 1249–1272.

TAILLARDAT, M., MESTRE, O., ZAMO, M. and NAVEAU, P. (2016). Calibrated ensemble forecasts using quan-
tile regression forests and ensemble model output statistics. Mon. Weather Rev. 144 2375–2393.

THORARINSDOTTIR, T. L. and GNEITING, T. (2010). Probabilistic forecasts of wind speed: Ensemble model
ouput statistics by using heteroscedastic censored regression. J. Roy. Statist. Soc. Ser. A 173 371–388.
MR2751882 https://doi.org/10.1111/j.1467-985X.2009.00616.x

https://mathscinet.ams.org/mathscinet-getitem?mr=3161590
https://doi.org/10.1214/13-STS443
https://mathscinet.ams.org/mathscinet-getitem?mr=3418725
https://doi.org/10.1214/15-AOAS843
http://arxiv.org/abs/arXiv:2204.02291
https://mathscinet.ams.org/mathscinet-getitem?mr=3127866
https://doi.org/10.1214/13-AOS1140
https://mathscinet.ams.org/mathscinet-getitem?mr=0125600
https://mathscinet.ams.org/mathscinet-getitem?mr=2757189
https://doi.org/10.1198/jasa.2009.ap08615
https://mathscinet.ams.org/mathscinet-getitem?mr=2751882
https://doi.org/10.1111/j.1467-985X.2009.00616.x
https://doi.org/10.1214/13-STS443
https://doi.org/10.1198/jasa.2009.ap08615


VANNITSEM, S., BREMNES, J. B., DEMAEYER, J., EVANS, G. R., FLOWERDEW, J., HEMRI, S., LERCH, S.,
ROBERTS, N., THEIS, S. et al. (2021). Statistical postprocessing for weather forecasts: Review, challenges,
and avenues in a big data world. Bull. Am. Meteorol. Soc. 102 E681–E699.

VAN SCHAEYBROECK, B. and VANNITSEM, S. (2015). Ensemble post-processing using member-by-member
approaches: Theoretical aspects. Q. J. R. Meteorol. Soc. 141 807–818.

WILKS, D. S. (2015). Multivariate ensemble model output statistics using empirical copulas. Q. J. R. Meteorol.
Soc. 141 945–952.

WORSNOP, R. P., SCHEUERER, M., HAMILL, T. M. and LUNDQUIST, J. K. (2018). Generating wind power
scenarios for probabilistic ramp event prediction using multivariate statistical post-processing. Wind Energy
Sci. 3 371–393.

ZHOU, B. (2022). Interpreting generative adversarial networks for interactive image generation. In XxAI—Beyond
Explainable AI: International Workshop, Held in Conjunction with ICML 2020, July 18, 2020, Vienna, Austria,
Revised and Extended Papers 167–175. Springer, Cham.

ZIEL, F. and BERK, K. (2019). Multivariate forecasting evaluation: On sensitive and strictly proper scoring rules.
Preprint. Available at arXiv:1910.07325.

http://arxiv.org/abs/arXiv:1910.07325


The Annals of Applied Statistics
2024, Vol. 18, No. 1, 184–198
https://doi.org/10.1214/23-AOAS1785
© Institute of Mathematical Statistics, 2024

APPLIED REGRESSION ANALYSIS OF CORRELATIONS FOR
CORRELATED DATA

BY JIE HU1,a, YU CHEN1,b, CHENLEI LENG2,c AND CHENG YONG TANG3,d

1International Institute of Finance, School of Management, University of Science and Technology of China,
ahujie@mail.ustc.edu.cn, bcyu@ustc.edu.cn

2Department of Statistics, University of Warwick, cC.Leng@warwick.ac.uk
3Department of Statistics, Operations, and Data Science, Temple University, dyongtang@temple.edu

Correlated data are ubiquitous in today’s data-driven society. While re-
gression models for analyzing means and variances of responses of interest
are relatively well developed, the development of these models for analyz-
ing the correlations is largely confined to longitudinal data, a special form of
sequentially correlated data. This paper proposes a new method for the anal-
ysis of correlations to fully exploit the use of covariates for general correlated
data. In a renewed analysis of the classroom data, a highly unbalanced mul-
tilevel clustered data with within-class and within-school correlations, our
method reveals informative insights on these structures not previously known.
In another analysis of the malaria immune response data in Benin, a longitu-
dinal study with time-dependent covariates where the exact times of the ob-
servations are not available, our approach again provides promising new re-
sults. At the heart of our approach is a new generalized z-transformation that
converts correlation matrices, constrained to be positive definite, to vectors
with unrestricted support and is order-invariant. These two properties enable
us to develop regression analysis incorporating covariates for the modelling
of correlations via the use of maximum likelihood.
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The prevalence of security threats to organizational defense demands
models that support real-world policymaking. Security games are a potent
tool in this regard; however, although canonical models effectively allocate
limited resources, they generally do not consider adaptive, boundedly ra-
tional adversaries. Empirical findings suggest this characterization describes
real-world human behavior, so the development of decision-support frame-
works against such adversaries is a critical need. We examine a family of poli-
cies applicable to repeated games in which a boundedly rational adversary is
modeled using a behavioral-economic theory of learning, that is, experience-
weighted attraction learning. These policies take into account realistic uncer-
tainty about the competition by adopting the perspective of adversarial risk
analysis. Using Bayesian reasoning, these repeated games are decomposed
into multiarm bandit problems. A collection of cost-function approximation
policies are given to solve these problems. The efficacy of our approach is
shown via extensive computational testing on a defense-related case study.
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The COVID-19 pandemic has been a worldwide health crisis for the past
three years, casting unprecedented challenges for policymakers in different
countries and regions. While one country or region can only implement one
social mobility restriction policy at a given time, it is of great interest for
policy makers to decide whether to elevate or deelevate the restriction policy
from time to time. This article proposes a novel nonnegative tensor comple-
tion method to predict the potential counterfactual outcomes of multifaceted
social mobility restriction policies over time. The proposed method builds
upon a low-rank tensor decomposition of the pandemic data, which also ex-
plicitly characterizes the ordinal nature of the mobility restriction strength
and the smooth trend of the pandemic evolution over time. Its application
to the COVID-19 pandemic data reveals some interesting facts regarding the
impact of social mobility restriction policy on the spread of the virus. The
effectiveness of the proposed method is also supported by its asymptotic es-
timation consistency and extensive numerical experiments on the synthetic
datasets.

REFERENCES

AGARWAL, A., SHAH, D. and SHEN, D. (2022). Synthetic interventions. ArXiv preprint. Available at
arXiv:2006.07691.

ATHEY, S., BAYATI, M., DOUDCHENKO, N., IMBENS, G. and KHOSRAVI, K. (2021). Matrix completion meth-
ods for causal panel data models. J. Amer. Statist. Assoc. 116 1716–1730. MR4353709 https://doi.org/10.1080/
01621459.2021.1891924

ATHEY, S., IMBENS, G. W. and WAGER, S. (2018). Approximate residual balancing: Debiased inference of
average treatment effects in high dimensions. J. R. Stat. Soc. Ser. B. Stat. Methodol. 80 597–623. MR3849336
https://doi.org/10.1111/rssb.12268

BAI, J. and NG, S. (2021). Matrix completion, counterfactuals, and factor analysis of missing data. J. Amer.
Statist. Assoc. 116 1746–1763. MR4353711 https://doi.org/10.1080/01621459.2021.1967163

BI, X., QU, A. and SHEN, X. (2018). Multilayer tensor factorization with applications to recommender systems.
Ann. Statist. 46 3308–3333. MR3852653 https://doi.org/10.1214/17-AOS1659

CAI, C., LI, G., POOR, H. V. and CHEN, Y. (2019). Nonconvex low-rank tensor completion from noisy data.
Adv. Neural Inf. Process. Syst. 32.

CAI, J.-F., LI, J. and XIA, D. (2022a). Generalized low-rank plus sparse tensor estimation by fast Riemannian
optimization. J. Amer. Statist. Assoc. 1–17.

CAI, J.-F., LI, J. and XIA, D. (2022b). Provable tensor-train format tensor completion by Riemannian optimiza-
tion. J. Mach. Learn. Res. 23 Paper No. [123], 77. MR4577075

CHEN, B., SUN, T., ZHOU, Z. and ZENG, Y. (2019). Nonnegative tensor completion via low-rank Tucker de-
composition: Model and algorithm. IEEE Access 95903–95914.

DONG, E., DU, H. and GARDNER, L. (2020). An interactive web-based dashboard to track COVID-19 in real
time. Lancet Infect. Dis. 20 533–534. https://doi.org/10.1016/S1473-3099(20)30120-1

FAN, J., MASINI, R. and MEDEIROS, M. C. (2022). Do we exploit all information for counterfactual analysis?
Benefits of factor models and idiosyncratic correction. J. Amer. Statist. Assoc. 117 574–590. MR4436297
https://doi.org/10.1080/01621459.2021.2004895

FAN, Y., LU, X., ZHAO, J., FU, H. and LIU, Y. (2022). Estimating individualized treatment rules for treatments
with hierarchical structure. Electron. J. Stat. 16 737–784. MR4366820 https://doi.org/10.1214/21-ejs1948

Key words and phrases. Causal inference, imputation, informative missing, latent factor, tensor decomposi-
tion.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1787
http://www.imstat.org
https://orcid.org/0000-0002-3724-9200
https://orcid.org/0000-0002-9165-5664
mailto:yzhen8-c@my.cityu.edu.hk
mailto:junhuiwang@cuhk.edu.hk
http://arxiv.org/abs/arXiv:2006.07691
https://mathscinet.ams.org/mathscinet-getitem?mr=4353709
https://doi.org/10.1080/01621459.2021.1891924
https://mathscinet.ams.org/mathscinet-getitem?mr=3849336
https://doi.org/10.1111/rssb.12268
https://mathscinet.ams.org/mathscinet-getitem?mr=4353711
https://doi.org/10.1080/01621459.2021.1967163
https://mathscinet.ams.org/mathscinet-getitem?mr=3852653
https://doi.org/10.1214/17-AOS1659
https://mathscinet.ams.org/mathscinet-getitem?mr=4577075
https://doi.org/10.1016/S1473-3099(20)30120-1
https://mathscinet.ams.org/mathscinet-getitem?mr=4436297
https://doi.org/10.1080/01621459.2021.2004895
https://mathscinet.ams.org/mathscinet-getitem?mr=4366820
https://doi.org/10.1214/21-ejs1948
https://doi.org/10.1080/01621459.2021.1891924


FOGARTY, C. B. (2020). Studentized sensitivity analysis for the sample average treatment effect in paired obser-
vational studies. J. Amer. Statist. Assoc. 115 1518–1530. MR4143482 https://doi.org/10.1080/01621459.2019.
1632072

GOUTTE, C. and AMINI, M.-R. (2010). Probabilistic tensor factorization and model selection. In Tensors, Ker-
nels, and Machine Learning (TKLM 2010) 1–4.

HÖFLER, M. (2005). Causal inference based on counterfactuals. BMC Med. Res. Methodol. 5 1–12.
HU, J., LEE, C. and WANG, M. (2022). Generalized tensor decomposition with features on multiple modes. J.

Comput. Graph. Statist. 31 204–218. MR4387221 https://doi.org/10.1080/10618600.2021.1978471
JAIN, P. and OH, S. (2014). Provable tensor factorization with missing data. Adv. Neural Inf. Process. Syst. 27.
JI, P. and JIN, J. (2016). Coauthorship and citation networks for statisticians. Ann. Appl. Stat. 10 1779–1812.

MR3592033 https://doi.org/10.1214/15-AOAS896
JOHANSSON, F., SHALIT, U. and SONTAQ, D. (2016). Learning representation for counterfactual inference. In

International Conference on Machine Learning 3020–3029.
KOLDA, T. G. and BADER, B. W. (2009). Tensor decompositions and applications. SIAM Rev. 51 455–500.

MR2535056 https://doi.org/10.1137/07070111X
LAUER, S. A., GRANTZ, K. H., BI, Q., JONES, F. K., ZHENG, Q., MEREDITH, H. R., AZMAN, A. S.,

REICH, N. G. and LESSLER, J. (2020). The incubation period of coronavirus disease 2019 (COVID-
19) from publicly reported confirmed cases: Estimation and application. Ann. Intern. Med. 172 577–582.
https://doi.org/10.7326/M20-0504

LIU, A. and MOITRA, A. (2020). Tensor completion made practical. In Advances in Neural Information Precess-
ing Systems 33 18905–8916.

MANDAL, D. and PARKES, D. (2022). Weighted tensor completion for time-series causal inference. ArXiv
preprint. Available at arXiv:1902.04646.

MCALOON, C., COLLINS, Á., HUNT, K., BARBER, A., BYRNE, A. W., CASEY, M., GRIFFIN, J., LANE, E.,
MCEVOY, D. et al. (2020). Incubation period of COVID-19: A rapid systematic review and meta-analysis of
observational research. BMJ Open 10 e039652.

MEN, K., LI, Y., WANG, X., ZHANG, G., HU, J., GAO, Y., HAN, A. and LIU, W. (2023). Estimate the incubation
period of coronavirus 2019 (COVID-19). Comput. Biol. Med. 158 106794.

MO, W. and LIU, Y. (2022). Efficient learning of optimal individualized treatment rules for heteroscedastic or
misspecified treatment-free effect models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 84 440–472. MR4412993
https://doi.org/10.1111/rssb.12474

MO, W., QI, Z. and LIU, Y. (2021). Learning optimal distributionally robust individualized treatment rules. J.
Amer. Statist. Assoc. 116 659–674. MR4270012 https://doi.org/10.1080/01621459.2020.1796359

NEWEY, W. K. and STOULI, S. (2022). Heterogeneous coefficients, control variables and identification of multi-
ple treatment effects. Biometrika 109 865–872. MR4472853 https://doi.org/10.1093/biomet/asab060

PAPADOGEORGOU, G., IMAI, K., LYALL, J. and LI, F. (2022). Causal inference with spatio-temporal data:
Estimating the effects of airstrikes on insurgent violence in Iraq. J. R. Stat. Soc. Ser. B. Stat. Methodol. 84
1969–1999. MR4515563 https://doi.org/10.1111/rssb.12548

PEARL, J. (2009). Causal inference in statistics: An overview. Stat. Surv. 3 96–146. MR2545291
https://doi.org/10.1214/09-SS057

POULOS, J., ALBANESE, A., MERCATANTI, A. and LI, F. (2022). Retrospective causal inference via matrix
completion, with an evaluation of the effect of European integration on cross-border employment. ArXiv
preprint. Available at arXiv:2106.00788.

QI, Z., LIU, D., FU, H. and LIU, Y. (2020). Multi-armed angle-based direct learning for estimating optimal
individualized treatment rules with various outcomes. J. Amer. Statist. Assoc. 115 678–691. MR4107672
https://doi.org/10.1080/01621459.2018.1529597

QUICK, C., DEY, R. and LIN, X. (2021). Regression models for understanding COVID-19 epidemic dynamics
with incomplete data. J. Amer. Statist. Assoc. 116 1561–1577. MR4353694 https://doi.org/10.1080/01621459.
2021.2001339

ROHE, K., QIN, T. and YU, B. (2016). Co-clustering directed graphs to discover asymmetries and direc-
tional communities. Proc. Natl. Acad. Sci. USA 113 12679–12684. MR3576189 https://doi.org/10.1073/pnas.
1525793113

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

SINHA, S. and CHAKRABORTY, M. (2022). Causal analysis and prediction of human mobility in the US during
the COVID-19 pandemic. ArXiv preprint. Available at arXiv:2111.12272.

SUN, W. W. and LI, L. (2019). Dynamic tensor clustering. J. Amer. Statist. Assoc. 114 1894–1907. MR4047308
https://doi.org/10.1080/01621459.2018.1527701

https://mathscinet.ams.org/mathscinet-getitem?mr=4143482
https://doi.org/10.1080/01621459.2019.1632072
https://mathscinet.ams.org/mathscinet-getitem?mr=4387221
https://doi.org/10.1080/10618600.2021.1978471
https://mathscinet.ams.org/mathscinet-getitem?mr=3592033
https://doi.org/10.1214/15-AOAS896
https://mathscinet.ams.org/mathscinet-getitem?mr=2535056
https://doi.org/10.1137/07070111X
https://doi.org/10.7326/M20-0504
http://arxiv.org/abs/arXiv:1902.04646
https://mathscinet.ams.org/mathscinet-getitem?mr=4412993
https://doi.org/10.1111/rssb.12474
https://mathscinet.ams.org/mathscinet-getitem?mr=4270012
https://doi.org/10.1080/01621459.2020.1796359
https://mathscinet.ams.org/mathscinet-getitem?mr=4472853
https://doi.org/10.1093/biomet/asab060
https://mathscinet.ams.org/mathscinet-getitem?mr=4515563
https://doi.org/10.1111/rssb.12548
https://mathscinet.ams.org/mathscinet-getitem?mr=2545291
https://doi.org/10.1214/09-SS057
http://arxiv.org/abs/arXiv:2106.00788
https://mathscinet.ams.org/mathscinet-getitem?mr=4107672
https://doi.org/10.1080/01621459.2018.1529597
https://mathscinet.ams.org/mathscinet-getitem?mr=4353694
https://doi.org/10.1080/01621459.2021.2001339
https://mathscinet.ams.org/mathscinet-getitem?mr=3576189
https://doi.org/10.1073/pnas.1525793113
https://mathscinet.ams.org/mathscinet-getitem?mr=0742974
https://doi.org/10.1093/biomet/70.1.41
http://arxiv.org/abs/arXiv:2111.12272
https://mathscinet.ams.org/mathscinet-getitem?mr=4047308
https://doi.org/10.1080/01621459.2018.1527701
https://doi.org/10.1080/01621459.2019.1632072
https://doi.org/10.1080/01621459.2021.2001339
https://doi.org/10.1073/pnas.1525793113


WILSON, N., KVALSVIG, A., BARNARD, L. T. and BAKER, M. G. (2020). Case-fatality risk estimates for
COVID-19 calculated by using a lag time for fatality. Emerg. Infec. Dis. 26 1339–1441. https://doi.org/10.
3201/eid2606.200320

XIA, D. and YUAN, M. (2019). On polynomial time methods for exact low-rank tensor completion. Found.
Comput. Math. 19 1265–1313. MR4029842 https://doi.org/10.1007/s10208-018-09408-6

XU, Y. and YIN, W. (2013). A block coordinate descent method for regularized multiconvex optimization with ap-
plications to nonnegative tensor factorization and completion. SIAM J. Imaging Sci. 6 1758–1789. MR3105787
https://doi.org/10.1137/120887795

XUE, F. and QU, A. (2021). Integrating multisource block-wise missing data in model selection. J. Amer. Statist.
Assoc. 116 1914–1927. MR4353722 https://doi.org/10.1080/01621459.2020.1751176

YADLOWSKY, S., PELLEGRINI, F., LIONETTO, F., BRAUNE, S. and TIAN, L. (2021). Estimation and validation
of ratio-based conditional average treatment effects using observational data. J. Amer. Statist. Assoc. 116 335–
352. MR4227698 https://doi.org/10.1080/01621459.2020.1772080

YAN, H., ZHU, Y., GU, J., HUANG, Y., SUN, H., ZHANG, X., WANG, Y., QIU, Y. and CHEN, S. X. (2021).
Better strategies for containing COVID-19 pandemic: A study of 25 countries via a vSIADR model. Proc. R.
Soc. A 477 Paper No. 20200440, 25. MR4258333

YE, Y., ZHANG, Q., CAO, Z., CHEN, F. Y. YAN, H., STANLEY, H. E. and ZENG, D. D. (2021). Impact of
export restrictions on the global personal protective equipment trade network during COVID-19. Adv. Theory
Simul. 2100352.

YUAN, M. and ZHANG, C.-H. (2016). On tensor completion via nuclear norm minimization. Found. Comput.
Math. 16 1031–1068. MR3529132 https://doi.org/10.1007/s10208-015-9269-5

YUAN, M. and ZHANG, C.-H. (2017). Incoherent tensor norms and their applications in higher order tensor
completion. IEEE Trans. Inf. Theory 63 6753–6766. MR3707566 https://doi.org/10.1109/TIT.2017.2724549

ZHANG, J., SUN, W. W. and LI, L. (2020). Mixed-effect time-varying network model and application in brain
connectivity analysis. J. Amer. Statist. Assoc. 115 2022–2036. MR4189774 https://doi.org/10.1080/01621459.
2019.1677242

ZHANG, X. and NG, M. K. (2022). Sparse nonnegative tensor factorization and completion with noisy observa-
tions. IEEE Trans. Inf. Theory 68 2551–2572. MR4413569

ZHANG, Y., BI, X., TANG, N. and QU, A. (2021). Dynamic tensor recommender systems. J. Mach. Learn. Res.
22 Paper No. 65, 35. MR4253758

ZHEN, Y. and WANG, J. (2024). Supplement to “Nonnegative tensor completion for dynamic counterfactual
prediction on COVID-19 pandemic.” https://doi.org/10.1214/23-AOAS1787SUPP

ZHOU, J., SUN, W. W., ZHANG, J. and LI, L. (2023). Partially observed dynamic tensor response regression. J.
Amer. Statist. Assoc. 118 424–439. MR4571132 https://doi.org/10.1080/01621459.2021.1938082

https://doi.org/10.3201/eid2606.200320
https://mathscinet.ams.org/mathscinet-getitem?mr=4029842
https://doi.org/10.1007/s10208-018-09408-6
https://mathscinet.ams.org/mathscinet-getitem?mr=3105787
https://doi.org/10.1137/120887795
https://mathscinet.ams.org/mathscinet-getitem?mr=4353722
https://doi.org/10.1080/01621459.2020.1751176
https://mathscinet.ams.org/mathscinet-getitem?mr=4227698
https://doi.org/10.1080/01621459.2020.1772080
https://mathscinet.ams.org/mathscinet-getitem?mr=4258333
https://mathscinet.ams.org/mathscinet-getitem?mr=3529132
https://doi.org/10.1007/s10208-015-9269-5
https://mathscinet.ams.org/mathscinet-getitem?mr=3707566
https://doi.org/10.1109/TIT.2017.2724549
https://mathscinet.ams.org/mathscinet-getitem?mr=4189774
https://doi.org/10.1080/01621459.2019.1677242
https://mathscinet.ams.org/mathscinet-getitem?mr=4413569
https://mathscinet.ams.org/mathscinet-getitem?mr=4253758
https://doi.org/10.1214/23-AOAS1787SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=4571132
https://doi.org/10.1080/01621459.2021.1938082
https://doi.org/10.3201/eid2606.200320
https://doi.org/10.1080/01621459.2019.1677242


The Annals of Applied Statistics
2024, Vol. 18, No. 1, 246–265
https://doi.org/10.1214/23-AOAS1788
© Institute of Mathematical Statistics, 2024

DYNAMIC RISK PREDICTION FOR CERVICAL PRECANCER SCREENING
WITH CONTINUOUS AND BINARY LONGITUDINAL BIOMARKERS

BY SIDDHARTH ROY1,a, ANINDYA ROY2,d, MEGAN A. CLARKE3,e,
ANA GRADISSIMO4,g, ROBERT D. BURK5,h, NICOLAS WENTZENSEN3,f,

PAUL S. ALBERT1,b AND DANPING LIU1,c

1Biostatistics Branch, Division of Cancer Epidemiology and Genetics, National Cancer Institute, asiddharth.roy@nih.gov,
balbertp@mail.nih.gov, cdanping.liu@nih.gov

2Department of Mathematics and Statistics, University of Maryland Baltimore County, danindya@umbc.edu
3Clinical Genetics Branch, Division of Cancer Epidemiology and Genetics, National Cancer Institute,

emegan.clarke@nih.gov, fwentzenn@mail.nih.gov
4Department of Immunology, Memorial Sloan Kettering Cancer Center, ggradisa@mskcc.org

5Department of Pediatrics, Albert Einstein College of Medicine, hrobert.burk@einsteinmed.org

Dynamic risk prediction that incorporates longitudinal measurements of
biomarkers is useful in identifying high-risk patients for better clinical man-
agement. Our work is motivated by the prediction of cervical precancers.
Currently, Pap cytology is used to identify HPV-positive (HPV+) women at
high-risk of cervical precancer, but cytology lacks accuracy and reproducibil-
ity. Molecular markers, like HPV DNA methylation, that are closely linked
to the carcinogenic process show promise of improved risk stratification. We
are interested in developing a dynamic risk model that uses all longitudinal
biomarker information to improve precancer risk estimation. We propose a
joint model to link both the continuous methylation biomarker and a binary
cytology biomarker to the time to precancer outcome using shared random
effects. The model uses a discretization of the time scale to allow for closed-
form likelihood expressions, thereby avoiding potential high dimensional in-
tegration of the random effects. The method handles an interval-censored
time-to-event outcome, due to intermittent clinical visits, incorporates sam-
pling weights to deal with stratified sampling data and can provide immediate
and five-year risk estimates that may inform clinical decision-making. Apply-
ing the method to longitudinally measured HPV methylation data improves
risk stratification for triage of HPV+ women.
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There is increasing appetite for analysing populations of network data
due to the fast-growing body of applications demanding such methods. While
methods exist to provide readily interpretable summaries of heterogeneous
network populations, these are often descriptive or ad hoc, lacking any for-
mal justification. In contrast, principled analysis methods often provide re-
sults difficult to relate back to the applied problem of interest. Motivated by
two complementary applied examples, we develop a Bayesian framework to
appropriately model complex heterogeneous network populations, while also
allowing analysts to gain insights from the data and make inferences most
relevant to their needs. The first application involves a study in computer
science measuring human movements across a university. The second anal-
yses data from neuroscience investigating relationships between different re-
gions of the brain. While both applications entail analysis of a heterogeneous
population of networks, network sizes vary considerably. We focus on the
problem of clustering the elements of a network population, where each clus-
ter is characterised by a network representative. We take advantage of the
Bayesian machinery to simultaneously infer the cluster membership, the rep-
resentatives, and the community structure of the representatives, thus allow-
ing intuitive inferences to be made. The implementation of our method on the
human movement study reveals interesting movement patterns of individuals
in clusters, readily characterised by their network representative. For the brain
networks application, our model reveals a cluster of individuals with different
network properties of particular interest in neuroscience. The performance of
our method is additionally validated in extensive simulation studies.
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The natural cycles of the surface-to-atmosphere fluxes of carbon dioxide
(CO2) and other important greenhouse gases are changing in response to hu-
man influences. These changes need to be quantified to understand climate
change and its impacts, but this is difficult to do because natural fluxes occur
over large spatial and temporal scales and cannot be directly observed. Flux
inversion is a technique that estimates the spatiotemporal distribution of a
gas’ fluxes using observations of the gas’ mole fraction and a chemical trans-
port model. To infer trends in fluxes and identify phase shifts and amplitude
changes in flux seasonal cycles, we construct a flux-inversion system that uses
a novel spatially-varying time-series decomposition of the fluxes. We incor-
porate this decomposition into the Wollongong Methodology for Bayesian
Assimilation of Trace-gases (WOMBAT, Zammit-Mangion et al., Geosci.
Model Dev., 15, 2022), a Bayesian hierarchical flux-inversion framework that
yields posterior distributions for all unknowns in the underlying model. We
also extend WOMBAT to accommodate physical constraints on the fluxes
and to take direct in situ and flask measurements of trace-gas mole fractions
as observations. We apply the new method, which we call WOMBAT v2.0, to
a mix of satellite observations of CO2 mole fraction from the Orbiting Car-
bon Observatory-2 (OCO-2) satellite and direct measurements of CO2 mole
fraction from a variety of sources. We estimate the changes in the natural cy-
cles of CO2 fluxes that occurred from January 2015 to December 2020, and
compare our posterior estimates to those from an alternative method based on
a bottom-up understanding of the physical processes involved. We find sub-
stantial trends in the fluxes, including that tropical ecosystems trended from
being a net source to a net sink of CO2 over the study period. We also find
that the amplitude of the global seasonal cycle of ecosystem CO2 fluxes in-
creased over the study period by 0.11 PgC/month (an increase of 8%) and
that the seasonal cycle of ecosystem CO2 fluxes in the northern temperate
and northern boreal regions shifted earlier in the year by 0.4–0.7 and 0.4–
0.9 days, respectively (2.5th to 97.5th posterior percentiles), consistent with
expectations for the carbon cycle under a warming climate.
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We propose a novel analysis of power (ANOPOW) model for analyzing
replicated nonstationary time series commonly encountered in experimental
studies. Based on a locally stationary ANOPOW Cramér spectral represen-
tation, the proposed model can be used to compare the second-order time-
varying frequency patterns among different groups of time series and to es-
timate group effects as functions of both time and frequency. Formulated in
a Bayesian framework, independent two-dimensional second-order random
walk (RW2D) priors are assumed on each of the time-varying functional ef-
fects for flexible and adaptive smoothing. A piecewise stationary approxima-
tion of the nonstationary time series is used to obtain localized estimates of
time-varying spectra. Posterior distributions of the time-varying functional
group effects are then obtained via integrated nested Laplace approximations
(INLA) at a low computational cost. The large-sample distribution of local
periodograms can be appropriately utilized to improve estimation accuracy
since INLA allows modeling of data with various types of distributions. The
usefulness of the proposed model is illustrated through two real-data applica-
tions: analyses of seismic signals and pupil diameter time series in children
with attention deficit hyperactivity disorder. Simulation studies, Supplemen-
tary Material (Li, Yue and Bruce (2024a)), and R code (Li, Yue and Bruce
(2024b)) for this article are also available.
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Assessing heterogeneity in the effects of treatments has become increas-
ingly popular in the field of causal inference and carries important implica-
tions for clinical decision-making. While extensive literature exists for study-
ing treatment effect heterogeneity when outcomes are fully observed, there
has been limited development in tools for estimating heterogeneous causal ef-
fects when patient-centered outcomes are truncated by a terminal event, such
as death. Due to mortality occurring during study follow-up, the outcomes of
interest are unobservable, undefined, or not fully observed for many partici-
pants in which case principal stratification is an appealing framework to draw
valid causal conclusions. Motivated by the Acute Respiratory Distress Syn-
drome Network (ARDSNetwork) ARDS respiratory management (ARMA)
trial, we developed a flexible Bayesian machine learning approach to esti-
mate the average causal effect and heterogeneous causal effects among the
always-survivors stratum when clinical outcomes are subject to truncation.
We adopted Bayesian additive regression trees (BART) to flexibly specify
separate mean models for the potential outcomes and latent stratum member-
ship. In the analysis of the ARMA trial, we found that the low tidal volume
treatment had an overall benefit for participants sustaining acute lung injuries
on the outcome of time to returning home but substantial heterogeneity in
treatment effects among the always-survivors, driven most strongly by bio-
logic sex and the alveolar-arterial oxygen gradient at baseline (a physiologic
measure of lung function and degree of hypoxemia). These findings illustrate
how the proposed methodology could guide the prognostic enrichment of fu-
ture trials in the field.
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Women’s educational attainment and contraceptive prevalence are two
mechanisms identified as having an accelerating effect on fertility decline
and that can be directly impacted by policy. Quantifying the potential accel-
erating effect of education and family planning policies on fertility decline
in a probabilistic way is of interest to policymakers, particularly in high-
fertility countries. We propose a conditional Bayesian hierarchical model for
projecting fertility, given education and family planning policy interventions.
To illustrate the effect policy changes could have on future fertility, we cre-
ate probabilistic projections of fertility that condition on scenarios such as
achieving the sustainable development goals (SDGs) for universal secondary
education and universal access to family planning by 2030.
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SPERINGER, M., GOUJON, A., KC, S., POTANČOKOVÁ, M., REITER, C., JURASSZOVICH, S. and EDER, J.
(2019). Global reconstruction of educational attainment, 1950 to 2015: Methodology and assessment. Vienna
Institute of Demography. Working Papers No. 02/2019. https://doi.org/10.1553/0x003cb434

UNITED NATIONS, DEPARTMENT OF ECONOMIC AND SOCIAL AFFAIRS, POPULATION DIVISION (2019a).
World population prospects: The 2019 revision. Online edition.

UNITED NATIONS, DEPARTMENT OF ECONOMIC AND SOCIAL AFFAIRS, POPULATION DIVISION (2019b).
World population prospects 2019: Methodology of the United Nations population estimates and projections.

UNITED NATIONS (2015). Transforming our world: The 2030 agenda for sustainable development. Available at
https://sdgs.un.org/2030agenda.

VOLLSET, S. E., GOREN, E., YUAN, C.-W., CAO, J., SMITH, A. E., HSIAO, T., BISIGNANO, C.,
AZHAR, G. S., CASTRO, E. et al. (2020). Fertility, mortality, migration, and population scenarios for 195
countries and territories from 2017 to 2100: A forecasting analysis for the Global Burden of Disease study.
Lancet 396 1285–1306. https://doi.org/10.1016/S0140-6736(20)30677-2

WILMOTH, J. (2019). Global population projections: A critical comparison of key methods and assump-
tions. Available at https://www.un.org/en/development/desa/population/about/director/pdf/Wilmoth_APC_
Nov2019_Script.pdf.

WITTGENSTEIN CENTRE FOR DEMOGRAPHY AND GLOBAL HUMAN CAPITAL (2018). Wittgenstein Centre
data explorer version 2.0. Available at http://www.wittgensteincentre.org/dataexplorer.

https://doi.org/10.2307/2137845
https://doi.org/10.1073/pnas.10045811
https://doi.org/10.1214/ss/1177010894
https://mathscinet.ams.org/mathscinet-getitem?mr=3201847
https://doi.org/10.1214/13-STS419
https://doi.org/10.1038/nclimate3352
https://doi.org/10.18637/jss.v043.i01
https://doi.org/10.18637/jss.v075.i05
https://doi.org/10.1553/populationyearbook2017s001
https://doi.org/10.1553/0x003cb434
https://sdgs.un.org/2030agenda
https://doi.org/10.1016/S0140-6736(20)30677-2
https://www.un.org/en/development/desa/population/about/director/pdf/Wilmoth_APC_Nov2019_Script.pdf
http://www.wittgensteincentre.org/dataexplorer
https://www.un.org/en/development/desa/population/about/director/pdf/Wilmoth_APC_Nov2019_Script.pdf


The Annals of Applied Statistics
2024, Vol. 18, No. 1, 404–423
https://doi.org/10.1214/23-AOAS1794
© Institute of Mathematical Statistics, 2024

A BAYESIAN SPATIO-TEMPORAL LEVEL SET DYNAMIC MODEL AND
APPLICATION TO FIRE FRONT PROPAGATION

BY MYUNGSOO YOO AND CHRISTOPHER K. WIKLEa
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Intense wildfires impact nature, humans, and society, causing catas-
trophic damage to property and the ecosystem as well as the loss of life.
Forecasting wildfire front propagation and understanding the behavior of
wildfire propagation within a formal uncertainty quantification framework
are essential in order to support fire fighting efforts and plan evacuations.
The level set method has been widely used to analyze the change in surfaces,
shapes, and boundaries. In particular, a signed distance function used in level
set methods can readily be interpreted to represent complicated boundaries
and their changes in time. While there is substantial literature on the level
set method in wildfire applications, these implementations have relied on a
heavily-parameterized formula for the rate of spread. These implementations
have not typically considered uncertainty quantification, incorporated data-
driven learning, nor summarized the effect of the environmental covariates.
Here we present a Bayesian spatio-temporal dynamic model, based on level
sets, which can be utilized for inference and forecasting the boundary of inter-
est in the presence of uncertain data and lack of knowledge about the bound-
ary velocity. The methodology relies on both a mechanistically-motivated dy-
namic model for level sets and a stochastic spatio-temporal dynamic model
for the front velocity. We show the effectiveness of our method via simulation
and with forecasting the fire front boundary evolution of two classic Califor-
nia megafires—the 2017–2018 Thomas fire and the 2017 Haypress fire.
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Traffic state prediction is an essential component and an underlying
backbone of intelligent transportation systems, especially in the context of
smart city framework. Its significance is mainly twofold in modern trans-
portation systems: supporting advanced traffic operations and management
for highways and urban road networks to mitigate traffic congestion and en-
abling individual drivers with connected vehicles in the traffic system to dy-
namically optimize their routes to improve travel time. Traffic state predic-
tion with interval-based pointwise methods at 15-minute or hourly intervals is
common in traffic literature. However, because traffic dynamics are a continu-
ous process over time, the discrete-time pointwise methods for traffic predic-
tion at a fixed time interval hardly meet the advanced demands of continuous
prediction in modern transportation systems. To close the gap, we propose
functional approaches to intraday and day-by-day continuous-time prediction
for traffic volume. This research focuses on network-level traffic flow predic-
tions concurrently for all locations of interest. Two functional approaches are
introduced, namely, the network-integrated functional time-series model and
the functional neural network model. With functional approaches a 24-hour
intraday traffic profile is modeled as a functional curve over time, and se-
quences of historical traffic curves are used to predict traffic curves for near
future days in a row and multiple locations of interest. We also include the
functional varying coefficient model, Sparse VAR and traditional AR models
in the comparative study; empirical results show that the network-integrated
functional time-series model outperforms other approaches in terms of the
accuracy of predictions at network-scale.

REFERENCES

ABADI, A., RAJABIOUN, T. and IOANNOU, P. A. (2015). Traffic flow prediction for road transportation networks
with limited traffic data. IEEE Trans. Intell. Transp. Syst. 16 653–662.

ABDULHAI, B., PORWAL, H. and RECKER, W. (2002). Short-term traffic flow prediction using neuro-genetic
algorithms. J. Intell. Transp. Syst. 7 3–41.

ANEIROS, G., BONGIORNO, E. G., CAO, R. and VIEU, P., eds. (2017) Functional Statistics and Related Fields.
Contributions to Statistics. Springer, Cham. MR3837566

ANEIROS-PÉREZ, G. and VIEU, P. (2006). Semi-functional partial linear regression. Statist. Probab. Lett. 76
1102–1110. MR2269280 https://doi.org/10.1016/j.spl.2005.12.007

AUE, A., NORINHO, D. D. and HÖRMANN, S. (2015). On the prediction of stationary functional time series. J.
Amer. Statist. Assoc. 110 378–392. MR3338510 https://doi.org/10.1080/01621459.2014.909317

BASU, S. and MICHAILIDIS, G. (2015). Regularized estimation in sparse high-dimensional time series models.
Ann. Statist. 43 1535–1567. MR3357870 https://doi.org/10.1214/15-AOS1315

BESSE, P. C. and CARDOT, H. (1996). Approximation spline de la prévision d’un processus fonctionnel autoré-
gressif d’ordre 1. Canad. J. Statist. 24 467–487. MR1438418 https://doi.org/10.2307/3315328

BOSQ, D. (1991). Modelization, nonparametric estimation and prediction for continuous time processes. In Non-
parametric Functional Estimation and Related Topics (Spetses, 1990). NATO Adv. Sci. Inst. Ser. C: Math. Phys.
Sci. 335 509–529. Kluwer Academic, Dordrecht. MR1154349

Key words and phrases. Matrix-variate factor model, functional principal component, network-level traffic
flow prediction, functional time series, functional neural network, functional varying coefficient.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1795
http://www.imstat.org
mailto:tao.ma@txstate.edu
mailto:fyao@math.pku.edu.cn
mailto:zhou@utstat.utoronto.ca
https://mathscinet.ams.org/mathscinet-getitem?mr=3837566
https://mathscinet.ams.org/mathscinet-getitem?mr=2269280
https://doi.org/10.1016/j.spl.2005.12.007
https://mathscinet.ams.org/mathscinet-getitem?mr=3338510
https://doi.org/10.1080/01621459.2014.909317
https://mathscinet.ams.org/mathscinet-getitem?mr=3357870
https://doi.org/10.1214/15-AOS1315
https://mathscinet.ams.org/mathscinet-getitem?mr=1438418
https://doi.org/10.2307/3315328
https://mathscinet.ams.org/mathscinet-getitem?mr=1154349


BOSQ, D. (2000). Linear Processes in Function Spaces: Theory and Applications. Lecture Notes in Statistics 149.
Springer, New York. MR1783138 https://doi.org/10.1007/978-1-4612-1154-9

BROCKWELL, P. J. and DAVIS, R. A. (2016). Introduction to Time Series and Forecasting, 3rd ed. Springer Texts
in Statistics. Springer, Cham. MR3526245 https://doi.org/10.1007/978-3-319-29854-2

CETIN, M. and COMERT, G. (2006). Short-term traffic flow prediction with regime switching models. Transp.
Res. Rec. 1965 23–31.

CHIOU, J.-M. (2012). Dynamical functional prediction and classification, with application to traffic flow predic-
tion. Ann. Appl. Stat. 6 1588–1614. MR3058676 https://doi.org/10.1214/12-AOAS595

CHIOU, J.-M. and LI, P.-L. (2007). Functional clustering and identifying substructures of longitudinal data. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 69 679–699. MR2370075 https://doi.org/10.1111/j.1467-9868.2007.00605.x

CHIOU, J.-M. and MÜLLER, H.-G. (2007). Diagnostics for functional regression via residual processes. Comput.
Statist. Data Anal. 51 4849–4863. MR2364544 https://doi.org/10.1016/j.csda.2006.07.042

CHIOU, J.-M., MÜLLER, H.-G. and WANG, J.-L. (2003). Functional quasi-likelihood regression models with
smooth random effects. J. R. Stat. Soc. Ser. B. Stat. Methodol. 65 405–423. MR1983755 https://doi.org/10.
1111/1467-9868.00393

CRAVEN, P. WAHBA, G. (1978). Smoothing noisy data with spline functions. Numer. Math. 31 377–403.
CRAWFORD, F., WATLING, D. P. and CONNORS, R. D. (2017). A statistical method for estimating predictable

differences between daily traffic flow profiles. Transp. Res., Part B, Methodol. 95 196–213.
CYBENKO, G. (1989). Approximation by superpositions of a sigmoidal function. Math. Control Signals Systems

2 303–314. MR1015670 https://doi.org/10.1007/BF02551274
DAI, X., FU, R., ZHAO, E., ZHANG, Z., LIN, Y., WANG, F.-Y. and LI, L. (2019). DeepTrend 2.0: A light-

weighted multi-scale traffic prediction model using detrending. Transp. Res., Part C, Emerg. Technol. 103
142–157.

DELL’ACQUA, P., BELLOTTI, F., BERTA, R. and DE GLORIA, A. (2015). Time-aware multivariate nearest
neighbor regression methods for traffic flow prediction. IEEE Trans. Intell. Transp. Syst. 16 3393–3402.

DENG, W., LEI, H. and ZHOU, X. (2013). Traffic state estimation and uncertainty quantification based on het-
erogeneous data sources: A three detector approach. Transp. Res., Part B, Methodol. 57 132–157.

EFRON, B., HASTIE, T., JOHNSTONE, I. and TIBSHIRANI, R. (2004). Least angle regression. Ann. Statist. 32
407–499. MR2060166 https://doi.org/10.1214/009053604000000067

ERMAGUN, A. and LEVINSON, D. (2018). Spatiotemporal traffic forecasting: Review and proposed directions.
Transp. Rev. 38 786–814.

FENG, X., LING, X., ZHENG, H., CHEN, Z. and XU, Y. (2019). Adaptive multi-kernel SVM with spatial–
temporal correlation for short-term traffic flow prediction. IEEE Trans. Intell. Transp. Syst. 20 2001–2013.

FERRATY, F., ed. (2011) Recent Advances in Functional Data Analysis and Related Topics. Contributions to
Statistics. Physica-Verlag/Springer, Heidelberg. MR2867568 https://doi.org/10.1007/978-3-7908-2736-1

FERRATY, F. and VIEU, P. (2006). Nonparametric Functional Data Analysis: Theory and Practice. Springer
Series in Statistics. Springer, New York. MR2229687

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2010). Regularization paths for generalized linear models via
coordinate descent. J. Stat. Softw. 33 1–22.

GU, Y., LU, W., XU, X., QIN, L., SHAO, Z. and ZHANG, H. (2020). An improved Bayesian combination model
for short-term traffic prediction with deep learning. IEEE Trans. Intell. Transp. Syst. 21 1332–1342.

GUARDIOLA, I. G., LEON, T. and MALLOR, F. (2014). A functional approach to monitor and recognize patterns
of daily traffic profiles. Transp. Res., Part B, Methodol. 65 119–136.

GUO, X. and ZHU, Q. (2009). A traffic flow forecasting model based on BP neural network. In 2009 2nd Inter-
national Conference on Power Electronics and Intelligent Transportation System (PEITS) 3 311–314.
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Multitask learning is frequently used to model a set of related response
variables from the same set of features, improving predictive performance
and modeling accuracy relative to methods that handle each response vari-
able separately. Despite the potential of multitask learning to yield more
powerful inference than single-task alternatives, prior work in this area has
largely omitted uncertainty quantification. Our focus in this paper is a com-
mon multitask problem in neuroimaging, where the goal is to understand the
relationship between multiple cognitive task scores (or other subject-level as-
sessments) and brain connectome data collected from imaging. We propose
a framework for selective inference to address this problem, with the flexi-
bility to: (i) jointly identify the relevant predictors for each task through a
sparsity-inducing penalty and (ii) conduct valid inference in a model based
on the estimated sparsity structure. Our framework offers a new conditional
procedure for inference, based on a refinement of the selection event that
yields a tractable selection-adjusted likelihood. This gives an approximate
system of estimating equations for maximum likelihood inference, solvable
via a single convex optimization problem, and enables us to efficiently form
confidence intervals with approximately the correct coverage. Applied to both
simulated data and data from the Adolescent Brain Cognitive Development
(ABCD) study, our selective inference methods yield tighter confidence inter-
vals than commonly used alternatives, such as data splitting. We also demon-
strate through simulations that multitask learning with selective inference can
more accurately recover true signals than single-task methods.
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Image-on-scalar regression has been a popular approach to modeling the
association between brain activities and scalar characteristics in neuroimag-
ing research. The associations could be heterogeneous across individuals in
the population, as indicated by recent large-scale neuroimaging studies, for
example, the Adolescent Brain Cognitive Development (ABCD) Study. The
ABCD data can inform our understanding of heterogeneous associations and
how to leverage the heterogeneity and tailor interventions to increase the
number of youths who benefit. It is of great interest to identify subgroups
of individuals from the population such that: (1) within each subgroup the
brain activities have homogeneous associations with the clinical measures;
(2) across subgroups the associations are heterogeneous, and (3) the group
allocation depends on individual characteristics. Existing image-on-scalar re-
gression methods and clustering methods cannot directly achieve this goal.
We propose a latent subgroup image-on-scalar regression model (LASIR)
to analyze large-scale, multisite neuroimaging data with diverse sociode-
mographics. LASIR introduces the latent subgroup for each individual and
group-specific, spatially varying effects, with an efficient stochastic expec-
tation maximization algorithm for inferences. We demonstrate that LASIR
outperforms existing alternatives for subgroup identification of brain activa-
tion patterns with functional magnetic resonance imaging data via compre-
hensive simulations and applications to the ABCD study. We have released
our reproducible codes for public use with the software package available on
Github.
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Many genetic studies contain rich information on longitudinal pheno-
types that require powerful analytical tools for optimal analysis. Genetic anal-
ysis of longitudinal data that incorporates temporal variation is important for
understanding the genetic architecture and biological variation of complex
diseases. Most of the existing methods assume that the contribution of ge-
netic variants is constant over time and fail to capture the dynamic pattern
of disease progression. However, the relative influence of genetic variants on
complex traits fluctuates over time. In this study, we propose a retrospective
varying coefficient mixed model association test, RVMMAT, to detect time-
varying genetic effect on longitudinal binary traits. We model dynamic ge-
netic effect using smoothing splines, estimate model parameters by maximiz-
ing a double penalized quasi-likelihood function, design a joint test using a
Cauchy combination method, and evaluate statistical significance via a retro-
spective approach to achieve robustness to model misspecification. Through
simulations we illustrated that the retrospective varying-coefficient test was
robust to model misspecification under different ascertainment schemes and
gained power over the association methods assuming constant genetic effect.
We applied RVMMAT to a genome-wide association analysis of longitudinal
measure of hypertension in the Multi-Ethnic Study of Atherosclerosis. Path-
way analysis identified two important pathways related to G-protein signaling
and DNA damage. Our results demonstrated that RVMMAT could detect bi-
ologically relevant loci and pathways in a genome scan and provided insight
into the genetic architecture of hypertension.
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Estimation of heterogeneous treatment effects (HTE) is of prime impor-
tance in many disciplines, from personalized medicine to economics among
many others. Random forests have been shown to be a flexible and powerful
approach to HTE estimation in both randomized trials and observational stud-
ies. In particular “causal forests” introduced by Athey, Tibshirani and Wa-
ger (Ann. Statist. 47 (2019) 1148–1178), along with the R implementation in
package grf were rapidly adopted. A related approach, called “model-based
forests” that is geared toward randomized trials and simultaneously captures
effects of both prognostic and predictive variables, was introduced by Sei-
bold, Zeileis and Hothorn (Stat. Methods Med. Res. 27 (2018) 3104–3125)
along with a modular implementation in the R package model4you.

Neither procedure is directly applicable to the estimation of individualized
predictions of excess postpartum blood loss caused by a cesarean section in
comparison to vaginal delivery. Clearly, randomization is hardly possible in
this setup, and thus model-based forests lack clinical trial data to address this
question. On the other hand, the skewed and interval-censored postpartum
blood loss observations violate assumptions made by causal forests. Here we
present a tailored model-based forest for skewed and interval-censored data to
infer possible predictive prepartum characteristics and their impact on excess
postpartum blood loss caused by a cesarean section.

As a methodological basis, we propose a unifying view on causal and
model-based forests that goes beyond the theoretical motivations and inves-
tigates which computational elements make causal forests so successful and
how these can be blended with the strengths of model-based forests. To do
so, we show that both methods can be understood in terms of the same pa-
rameters and model assumptions for an additive model under L2 loss. This
theoretical insight allows us to implement several flavors of “model-based
causal forests” and dissect their different elements in silico.

The original causal forests and model-based forests are compared with
the new blended versions in a benchmark study exploring both randomized
trials and observational settings. In the randomized setting, both approaches
performed akin. If confounding was present in the data-generating process,
we found local centering of the treatment indicator with the corresponding
propensities to be the main driver for good performance. Local centering of
the outcome was less important and might be replaced or enhanced by simul-
taneous split selection with respect to both prognostic and predictive effects.
This lays the foundation for future research combining random forests for
HTE estimation with other types of models.

Key words and phrases. Causal forests, heterogeneous treatment effects, observational data, personalized
medicine, postpartum hemorrhage, random forest.
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The algorithms used for the optimal management of an ambulance fleet
require an accurate description of the spatiotemporal evolution of the emer-
gency events. In the last years, several authors have proposed sophisticated
statistical approaches to forecast ambulance dispatches, typically modelling
the data as a point pattern occurring on a planar region. Nevertheless, ambu-
lance interventions can be more appropriately modelled as a realisation of a
point process occurring on a linear network. The constrained spatial domain
raises specific challenges and unique methodological problems that cannot be
ignored when developing a proper statistical approach. Hence, this paper pro-
poses a spatiotemporal model to analyse ambulance dispatches focusing on
the interventions that occurred in the road network of Milan (Italy) from 2015
to 2017. We adopt a nonseparable first-order intensity function with spatial
and temporal terms. The temporal dimension is estimated semiparametrically
using a Poisson regression model, while the spatial dimension is estimated
nonparametrically using a network kernel function. A set of weights is in-
cluded in the spatial term to capture space-time interactions, inducing non-
separability in the intensity function. A series of tests show that our approach
successfully models the ambulance interventions and captures the space-time
patterns more accurately than planar or separable point process models.
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Reliable estimates of volatility and correlation are fundamental in eco-
nomics and finance for understanding the impact of macroeconomics events
on the market and guiding future investments and policies. Dependence
across financial returns is likely to be subject to sudden structural changes,
especially in correspondence with major global events, such as the COVID-
19 pandemic. In this work we are interested in capturing abrupt changes over
time in the conditional dependence across U.S. industry stock portfolios, over
a time horizon that covers the COVID-19 pandemic. The selected stocks give
a comprehensive picture of the U.S. stock market. To this end, we develop
a Bayesian multivariate stochastic volatility model based on a time-varying
sequence of graphs capturing the evolution of the dependence structure. The
model builds on the Gaussian graphical models and the random change points
literature. In particular, we treat the number, the position of change points,
and the graphs as object of posterior inference, allowing for sparsity in graph
recovery and change point detection. The high dimension of the parameter
space poses complex computational challenges. However, the model admits
a hidden Markov model formulation. This leads to the development of an ef-
ficient computational strategy, based on a combination of sequential Monte-
Carlo and Markov chain Monte-Carlo techniques. Model and computational
development are widely applicable, beyond the scope of the application of
interest in this work.
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A NOVEL ESTIMATOR OF EARTH’S CURVATURE
(ALLOWING FOR INFERENCE AS WELL)
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This paper estimates the curvature of the Earth, defined as one over its
radius, without relying on physical measurements. The orthodox model states
that the Earth is (nearly) spherical with a curvature of π/20,000 km. By con-
trast, the heterodox flat-Earth model stipulates a curvature of zero. Abstract-
ing from the well-worn arguments for and against both models, rebuttals and
counter-rebuttals ad infinitum, we propose a novel statistical methodology
based on verifiable flight times along regularly scheduled commercial airline
routes; this methodology allows for both estimating and making inference
for Earth’s curvature. In particular, a formal hypothesis test resolutely rejects
the flat-Earth model, whereas it does not reject the orthodox spherical-Earth
model.
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Air pollution surveillance is critically important for public health. One
air pollutant, ozone, is extremely challenging to analyze properly, as it is
a secondary pollutant caused by complex chemical reactions in the air and
does not emit directly into the atmosphere. Numerous environmental studies
confirm that ozone concentration levels are associated with meteorological
conditions, and long-term exposure to high ozone concentration levels is as-
sociated with the incidence of many diseases, including asthma, respiratory,
and cardiovascular diseases. Thus, it is important to develop an air pollu-
tion surveillance system to collect both air pollution and meteorological data
and monitor the data continuously over time. To this end, statistical process
control (SPC) charts provide a major statistical tool. But most existing SPC
charts are designed for cases when the in-control (IC) process observations at
different times are assumed to be independent and identically distributed. The
air pollution and meteorological data would not satisfy these conditions due
to serial data correlation, high dimensionality, seasonality, and other com-
plex data structure. Motivated by an application to monitor the ground ozone
concentration levels in the Houston–Galveston–Brazoria (HGB) area, we de-
veloped a new process monitoring method using principal component analy-
sis and sequential learning. The new method can accommodate high dimen-
sionality, time-varying IC process distribution, serial data correlation, and
nonparametric data distribution. It is shown to be a reliable analytic tool for
online monitoring of air quality.
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Sensor arrays are often used to identify chemicals by measuring prop-
erly chosen chemical interactions. Machine learning techniques are of vi-
tal importance to accurately recognize a chemical based on the sensor array
measurements. However, sensor array data often take the form of matrices
(i.e, two-way tensors), and the concentration levels may have a complex im-
pact on the measurements. Hence, existing linear and/or vector classification
methods may be inadequate for sensor array data. In this article we propose
a novel tensor mixture discriminant analysis (TMDA) model carefully tai-
lored for the classification of sensor array data. We model the distribution of
each chemical by a mixture of tensor normal distributions. TMDA leverages
the tensor structure for better estimation and prediction, while the mixed ten-
sor normal component accounts for the possibly varying concentration levels.
The TMDA model can also be viewed as an approximation of the potentially
nonnormal measurements. An efficient expectation-maximization algorithm
is developed to fit the TMDA model. The application of TMDA on two sensor
array datasets demonstrates its superior performance to many popular com-
petitors.
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BAYESIAN ADAPTIVE AND INTERPRETABLE FUNCTIONAL REGRESSION
FOR EXPOSURE PROFILES

BY YUNAN GAOa AND DANIEL R. KOWALb

Department of Statistics, Rice University, ayunan.gao@rice.edu, bdaniel.kowal@rice.edu

Pollutant exposure during gestation is a known and adverse factor for
birth and health outcomes. However, the links between prenatal air pollution
exposures and educational outcomes are less clear, in particular, the critical
windows of susceptibility during pregnancy. Using a large cohort of students
in North Carolina, we study the link between prenatal daily PM2.5 exposure
and fourth end-of-grade reading scores. We develop and apply a locally adap-
tive and highly scalable Bayesian regression model for scalar responses with
functional and scalar predictors. The proposed model pairs a B-spline basis
expansion with dynamic shrinkage priors to capture both smooth and rapidly-
changing features in the regression surface. The model is accompanied by
a new decision analysis approach for functional regression that extracts the
critical windows of susceptibility and guides the model interpretations. These
tools help to identify and address broad limitations with the interpretability
of functional regression models. Simulation studies demonstrate more accu-
rate point estimation, more precise uncertainty quantification, and far superior
window selection than existing approaches. Leveraging the proposed model-
ing, computational, and decision analysis framework, we conclude that pre-
natal PM2.5 exposure during early and late pregnancy is most adverse for
fourth end-of-grade reading scores.

REFERENCES

BASHIR, A., CARVALHO, C. M., HAHN, P. R. and JONES, M. B. (2019). Post-processing posteriors over preci-
sion matrices to produce sparse graph estimates. Bayesian Anal. 14 1075–1090.

BERGER, J. (1980). A robust generalized Bayes estimator and confidence region for a multivariate normal mean.
Ann. Statist. 716–761.

BOSE, S., CHIU, Y.-H. M., HSU, H.-H. L., DI, Q., ROSA, M. J., LEE, A., KLOOG, I., WILSON, A.,
SCHWARTZ, J. et al. (2017). Prenatal nitrate exposure and childhood asthma. Influence of maternal prena-
tal stress and fetal sex. Am. J. Respir. Crit. Care Med. 196 1396–1403.

BOYLE, E. M., POULSEN, G., FIELD, D. J., KURINCZUK, J. J., WOLKE, D., ALFIREVIC, Z. and
QUIGLEY, M. A. (2012). Effects of gestational age at birth on health outcomes at 3 and 5 years of age:
Population based cohort study. BMJ 344 e896. https://doi.org/10.1136/bmj.e896

BRAVO, M. A. and MIRANDA, M. L. (2021). Effects of accumulated environmental, social and host exposures
on early childhood educational outcomes. Environ. Res. 198 111241. https://doi.org/10.1016/j.envres.2021.
111241

BROWN, P. J., VANNUCCI, M. and FEARN, T. (1998). Multivariate Bayesian variable selection and prediction.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 60 627–641.

CARDOT, H., FERRATY, F. and SARDA, P. (1999). Functional linear model. Statist. Probab. Lett. 45 11–22.
CARVALHO, C. M., POLSON, N. G. and SCOTT, J. G. (2010). The horseshoe estimator for sparse signals.

Biometrika 97 465–480.
CHEN, X.-K., WEN, S. W., FLEMING, N., DEMISSIE, K., RHOADS, G. G. and WALKER, M. (2007). Teenage

pregnancy and adverse birth outcomes: A large population based retrospective cohort study. Int. J. Epidemiol.
36 368–373.

CHENG, Y., YIN, J., YANG, L., XU, M., LU, X., HUANG, W., DAI, G. and SUN, G. (2023). Ambient air
pollutants in the first trimester of pregnancy and birth defects: An observational study. BMJ Open 13 e063712.

Key words and phrases. Decision analysis, functional data analysis, nonparametric regression, shrinkage,
spline.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1805
http://www.imstat.org
mailto:yunan.gao@rice.edu
mailto:daniel.kowal@rice.edu
https://doi.org/10.1136/bmj.e896
https://doi.org/10.1016/j.envres.2021.111241
https://doi.org/10.1016/j.envres.2021.111241


CHIU, Y.-H. M., HSU, H.-H. L., COULL, B. A., BELLINGER, D. C., KLOOG, I., SCHWARTZ, J.,
WRIGHT, R. O. and WRIGHT, R. J. (2016). Prenatal particulate air pollution and neurodevelopment
in urban children: Examining sensitive windows and sex-specific associations. Environ. Int. 87 56–65.
https://doi.org/10.1016/j.envint.2015.11.010

DZIAK, J. J., COFFMAN, D. L., REIMHERR, M., PETROVICH, J., LI, R., SHIFFMAN, S. and SHIYKO, M. P.
(2019). Scalar-on-function regression for predicting distal outcomes from intensively gathered longitudinal
data: Interpretability for applied scientists. Stat. Surv. 13 150.

FELDMAN, J. and KOWAL, D. R. (2022). Bayesian data synthesis and the utility-risk trade-off for mixed epi-
demiological data. Ann. Appl. Stat. 16 2577–2602. https://doi.org/10.1214/22-AOAS1604

FIGUEIREDO, M. A. (2003). Adaptive sparseness for supervised learning. IEEE Trans. Pattern Anal. Mach. Intell.
25 1150–1159.

GAO, Y. and KOWAL, D. R. (2024). Supplement to “Bayesian adaptive and interpretable functional
regression for exposure profiles.” https://doi.org/10.1214/23-AOAS1805SUPPA, https://doi.org/10.1214/
23-AOAS1805SUPPB

GOGOI, M. (2014). Association of maternal age and low socio-economic status of women on birth outcome. Int.
Res. J. Soc. Sci. 3 21–27.

GOISIS, A., REMES, H., BARCLAY, K., MARTIKAINEN, P. and MYRSKYLÄ, M. (2017). Advanced maternal
age and the risk of low birth weight and preterm delivery: A within-family analysis using Finnish population
registers. Amer. J. Epidemiol. 186 1219–1226. https://doi.org/10.1093/aje/kwx177

GOLDENBERG, R. L., CULHANE, J. F., IAMS, J. D. and ROMERO, R. (2008). Epidemiology and causes of
preterm birth. Lancet 371 75–84.

GRIFFIN, J. E. and BROWN, P. J. (2005). Alternative prior distributions for variable selection with very many
more variables than observations Technical Report Univ. Warwick, Centre for Research in Statistical Method-
ology.

GROLLEMUND, P.-M., ABRAHAM, C., BARAGATTI, M. and PUDLO, P. (2019). Bayesian functional linear
regression with sparse step functions. Bayesian Anal. 14 111–135.
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For valid scientific discoveries, it is fundamental to evaluate whether
research findings are replicable across different settings. While large-scale
replication projects across broad research topics are not feasible, systematic
reviews and meta-analyses (SRMAs) offer viable alternatives to assess repli-
cability. Due to subjective inclusion and exclusion of studies, SRMAs may
contain nonreplicable study findings. However, there is no consensus on rig-
orous methods to assess the replicability of SRMAs or to explore sources
of nonreplicability. Nonreplicability is often misconceived as high hetero-
geneity. This article introduces a new measure, the externally standardized
residuals from a leave-m-studies-out procedure, to quantify replicability. It
not only measures the impact of nonreplicability from unknown sources on
the conclusion of an SRMA but also differentiates nonreplicability from het-
erogeneity. A new test statistic for replicability is derived. We explore its
asymptotic properties and use extensive simulations and real data to illus-
trate this measure’s performance. We conclude that replicability should be
routinely assessed for all SRMAs and recommend sensitivity analyses, once
nonreplicable study results are identified in an SRMA.
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Respondent-driven sampling (RDS) is used throughout the world to esti-
mate prevalence and population size for hidden populations. Although RDS
is an effective method for enrolling people from key populations in studies,
it relies on a partially unknown sampling mechanism, and thus each indi-
vidual’s inclusion probability is unknown. Current estimators for population
prevalence, population size, and other outcomes rely on a participant’s net-
work size (degree) to approximate their inclusion probability in the sample
from the networked population. However, in most RDS studies, a partici-
pant’s network size is attained via a self-report and is subject to many types
of misreporting and bias. Because design-based inclusion probabilities can-
not be exactly computed, we instead use the term visibility to describe how
likely a person is to be selected to participate in the study. The commonly
used successive sampling population size estimation (SS-PSE) framework to
estimate population sizes from RDS data relies on self-reported network sizes
in the model for the sampling mechanism. We propose an enhancement of the
SS-PSE framework that adds a measurement error model for visibility used
in place of the self-reported network size and a model for the number of re-
cruits an individual can enroll. Inferred visibilities are a way to smooth the
degree distribution and bring in outliers as well as a mechanism to deal with
missing and invalid network sizes. We demonstrate the performance of visi-
bility SS-PSE on three populations from Kosovo sampled in 2014 using RDS.
We also discuss how the visibility modeling framework could be extended to
prevalence estimation.
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This paper is motivated by the joint analysis of genetic, imaging, and
clinical (GIC) data collected in the Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) study. We propose a partially functional linear regression (PFLR)
framework to map high-dimensional GIC-related pathways for Alzheimer’s
disease (AD). We develop a joint model selection and estimation procedure
by embedding imaging data in the reproducing kernel Hilbert space and im-
posing the �0 penalty for the coefficients of genetic variables. We apply the
proposed method to the ADNI dataset to identify important features from tens
of thousands of genetic polymorphisms (reduced from millions using a pre-
processing step) and study the effects of a certain set of informative genetic
variants and the baseline hippocampus surface on 13 future cognitive scores.
We also explore the shared and distinct heritability patterns of these cognitive
scores. Analysis results suggest that both the hippocampal and genetic data
have heterogeneous effects on different scores, with the trend that the value
of both hippocampi are negatively associated with the severity of cognition
deficits. Polygenic effects are observed for all the thirteen cognitive scores.
The well-known APOE4 genotype only explains a small part of the cognitive
function. Shared genetic etiology exists; however, greater genetic heterogene-
ity exists within disease classifications after accounting for the baseline diag-
nosis status. These analyses are useful in further investigation of functional
mechanisms for AD progression.
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Risk-adjusted quality measures are used to evaluate healthcare providers
with respect to national norms while controlling for factors beyond their con-
trol. Existing healthcare provider profiling approaches typically assume that
the between-provider variation in these measures is entirely due to meaning-
ful differences in quality of care. However, in practice, much of the between-
provider variation will be due to trivial fluctuations in healthcare quality or
unobservable confounding risk factors. If these additional sources of variation
are not accounted for, conventional methods will disproportionately identify
larger providers as outliers, even though their departures from the national
norms may not be “extreme” or clinically meaningful. Motivated by efforts
to evaluate the quality of care provided by transplant centers, we develop a
composite evaluation score based on a novel individualized empirical null
method, which robustly accounts for overdispersion due to unobserved risk
factors, models the marginal variance of standardized scores as a function
of the effective sample size, and only requires the use of publicly-available
center-level statistics. The evaluations of United States kidney transplant cen-
ters based on the proposed composite score are substantially different from
those based on conventional methods. Simulations show that the proposed
empirical null approach more accurately classifies centers in terms of quality
of care, compared to existing methods.
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When searching for exoplanets, one wants to count how many planets
orbit a given star, and to determine what their characteristics are. If the esti-
mated planet characteristics are too far from those of a planet truly present,
this should be considered as a false detection. This setting is a particular in-
stance of a general one: aiming to retrieve parametric components in a dataset
corrupted by nuisance signals, with a certain accuracy on their parameters.
We exhibit a detection criterion minimizing false and missed detections, ei-
ther as a function of their relative cost or when the expected number of false
detections is bounded. If the components can be separated in a technical sense
discussed in detail, the optimal detection criterion is a posterior probability
obtained as a by-product of Bayesian evidence calculations. Optimality is
guaranteed within a model, and we introduce model criticism methods to en-
sure that the criterion is robust to model errors. We show on two simulations
emulating exoplanet searches that the optimal criterion can significantly out-
perform other criteria. Finally, we show that our framework offers solutions
for the identification of components of mixture models and Bayesian false
discovery rate control when hypotheses are not discrete.
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We consider matching problems where the goal is to determine whether
two observations randomly drawn from a population with multiple
(sub)groups are from the same (sub)group. This is a key question in foren-
sic science, where items with unidentified origins from suspects and crime
scenes are compared to objects from a known set of sources to see if they
originated from the same source. We derive the optimal matching rule under
known density functions of data that minimizes the decision error probabili-
ties. Empirically, the proposed matching rule is computed by plugging para-
metrically estimated density functions using training data into the formula of
the optimal matching rule. The connections between the optimal matching
rule and existing methods in forensic science are explained. In particular, we
contrast the optimal matching rule to classification and also compare it to a
score-based approach that relies on similarity features extracted from paired
items. Numerical simulations are conducted to evaluate the proposed method
and show that it outperforms the existing methods in terms of a higher ROC
curve and higher power to identify matched pairs of items. We also demon-
strate the utility of the proposed method by applying it to a real forensic data
analysis of glass fragments.
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Collective efficacy—the capacity of communities to exert social control
toward the realization of their shared goals—is a foundational concept in the
urban sociology and neighborhood effects literature. Traditionally, empirical
studies of collective efficacy use large sample surveys to estimate collective
efficacy of different neighborhoods within an urban setting. Such studies have
demonstrated an association between collective efficacy and local variation in
community violence, educational achievement, and health. Unlike traditional
collective efficacy measurement strategies, the Adolescent Health and Devel-
opment in Context (AHDC) Study implemented a new approach, obtaining
spatially-referenced, place-based ratings of collective efficacy from a repre-
sentative sample of individuals residing in Columbus, OH. In this paper we
introduce a novel nonstationary spatial model for interpolation of the AHDC
collective efficacy ratings across the study area, which leverages administra-
tive data on land use. Our constructive model specification strategy involves
dimension expansion of a latent spatial process and the use of a filter defined
by the land-use partition of the study region to connect the latent multivariate
spatial process to the observed ordinal ratings of collective efficacy. Careful
consideration is given to the issues of parameter identifiability, computational
efficiency of an MCMC algorithm for model fitting, and fine-scale spatial pre-
diction of collective efficacy.
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TESTING FOR THE CAUSAL MEDIATION EFFECTS OF MULTIPLE
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The rapid growth of high-throughput genomic and epigenomic data
enables exploration of biological mechanisms underlying diseases causing
processes beyond traditional association studies. Using the causal media-
tion analysis framework, we develop the kernel machine difference (KMD)
method, which provides a testing procedure for detecting the mediation ef-
fects of a set of mediators, for example, the DNA methylation probes within
a region or a gene. Our method extends the difference method in single medi-
ator analysis to jointly model the mediatory role of the methylation of multi-
ple neighboring probes, as they often work together in a collaborative fashion.
Kernel machine regression is employed to accommodate flexible parametric
and nonparametric effects of multiple mediators on the outcome and to allow
for robust testing for the joint natural indirect effect (NIE). The proposed test-
ing procedure does not require explicit modeling of the dependence of multi-
ple mediators on exposure and confounders and the correlation among mul-
tiple mediators. It hence provides a robust and computationally efficient tool,
especially for genomic regions with moderate to high-dimensional probes.
We evaluate the performance of the proposed test using extensive simulations
and demonstrate its gain in robustness and power when the effects are nonlin-
ear. We apply the proposed test to the analysis of the epigenome-wide Norma-
tive Aging Study (NAS) to investigate the mediatory role of DNA methylation
in the causal pathway between smoking behavior and lung function.
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In this study we present a data-driven method called false negative con-
trol (FNC) screening to address the challenge of detecting weak signals in
underpowered genome-wide association studies (GWASs), where true sig-
nals are often obscured by a large amount of noise. Our approach focuses
on controlling false negatives and efficiently regulates the proportion of false
negatives at a user-specified level in realistic settings with arbitrary covari-
ance dependence between variables. We calibrate overall dependence using
a parameter that aligns with the existing phase diagram in high-dimensional
sparse inference, allowing us to asymptotically explicate the joint effect of
covariance dependence, signal sparsity, and signal intensity on the proposed
method. Our new phase diagram shows that FNC screening can efficiently
select a set of candidate variables to retain a high proportion of signals, even
when the signals are not individually separable from noise. We compare the
performance of FNC screening to several existing methods in simulation
studies, and the proposed method outperforms the others in adapting to a
user-specified false negative control level. Moreover, we apply FNC screen-
ing to 145 GWAS datasets, obtained from the UK Biobank, and demonstrate
a substantial increase in power to retain true signals for downstream analyses.
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In scientific studies involving analyses of multivariate data, basic but im-
portant questions often arise for the researcher: Is the sample exchangeable,
meaning that the joint distribution of the sample is invariant to the order-
ing of the units? Are the features independent of one another, or perhaps the
features can be grouped so that the groups are mutually independent? In sta-
tistical genomics these considerations are fundamental to downstream tasks
such as demographic inference and the construction of polygenic risk scores.
We propose a nonparametric approach, which we call the V test, to address
these two questions, namely, a test of sample exchangeability given depen-
dency structure of features and a test of feature independence given sample
exchangeability. Our test is conceptually simple, yet fast and flexible. It con-
trols the Type I error across realistic scenarios and handles data of arbitrary
dimensions by leveraging large-sample asymptotics. Through extensive sim-
ulations and a comparison against unsupervised tests of stratification based on
random matrix theory, we find that our test compares favorably in various sce-
narios of interest. We apply the test to data from the 1000 Genomes Project,
demonstrating how it can be employed to assess exchangeability of the ge-
netic sample or find optimal linkage disequilibrium (LD) splits for down-
stream analysis. For exchangeability assessment we find that removing rare
variants can substantially increase the p-value of the test statistic. For op-
timal LD splitting, the V test reports different optimal splits than previous
approaches not relying on hypothesis testing. Software for our methods is
available in R (CRAN: flintyR) and Python (PyPI: flintyPy).
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Knowledge networks, such as the healthcare delivery network (HDN),
describing relationships among different medical encounters, are useful sum-
maries of state-of-art medical knowledge. The increasing availability of lon-
gitudinal electronic health records (EHR) data promises a rich data source
for learning HDN. Most existing methods for inferring knowledge networks
are based on cooccurrence patterns that do not account for temporal effects
or patient-level heterogeneity. In this article, building upon the multivariate
Hawkes process (mvHP), we propose a flexible covariate-adjusted random
effects (CARE) mvHP modeling strategy for HDN construction. Our model
allows for patient-specific time-varying background intensity functions via
random effects, which can also adjust for effects of important covariates.
We adopt a penalized approach to select fixed effects, yielding a sparse net-
work structure, and to remove unnecessary random effects from the model.
Through extensive simulation studies, we show that our proposed method
performs well in recovering the network structure and that it is essential to
account for patient heterogeneities. We further illustrate our CARE mvHP
method in an EHR study of type 2 diabetes patients to learn an HDN for these
patients and demonstrate that our results are consistent with current clinical
practice in healthcare systems.
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