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A BAYESIAN PRECISION MEDICINE FRAMEWORK FOR CALIBRATING
INDIVIDUALIZED THERAPEUTIC INDICES IN CANCER

BY ABHISEK SAHA1,a, MIN JIN HA2,b, SATWIK ACHARYYA3,c AND

VEERABHADRAN BALADANDAYUTHAPANI3,d

1Eunice Kennedy Shriver National Institute of Child Health and Human Development, National Institute of Health,
aabhisek.saha@uconn.edu

2Department of Biostatistics, Graduate School of Public Health, Yonsei University, Seoul, Korea, bminjin.ha@gmail.com
3Department of Biostatistics, University of Michigan, csatwika@umich.edu, dveerab@umich.edu

The development and clinical implementation of evidence-based preci-
sion medicine strategies has become a realistic possibility, primarily due to
the rapid accumulation of large-scale genomics and pharmacological data
from diverse model systems: patients, cell lines and drug perturbation studies.
We introduce a novel Bayesian modeling framework called the individualized
theRapeutic index (iRx ) model to integrate high-throughput pharmacoge-
nomic data across model systems. Our iRx model achieves three main goals:
first, it exploits the conserved biology between patients and cell lines to cal-
ibrate therapeutic response of drugs in patients; second, it finds optimal cell
line avatars as proxies for patient(s); and finally, it identifies key genomic
drivers explaining cell line-patient similarities. This is achieved through a
semi-supervised learning approach that conflates (unsupervised) sparse latent
factor models with (supervised) penalized regression techniques. We propose
a unified and tractable Bayesian model for estimation, and inference is con-
ducted via efficient posterior sampling schemes. We illustrate and validate
our approach using two existing clinical trial data sets in multiple myeloma
and breast cancer studies. We show that our iRx model improves prediction
accuracy compared to naive alternative approaches, and it consistently out-
performs existing methods in literature in both multiple simulation scenarios
as well as real clinical examples.
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The Epidemic Type Aftershock Sequence (ETAS) model is a self-
exciting point process which is used to model and forecast the occurrence of
earthquakes in a geographical region. The ETAS model assumes that the oc-
currence of mainshock earthquakes follows an inhomogeneous spatial point
process, with their aftershock earthquakes modelled via a separate triggering
kernel. Most previous studies of the ETAS model have relied on point esti-
mates of the model parameters, due to the complexity of the likelihood func-
tion and the difficulty in estimating an appropriate spatial mainshock distribu-
tion. In order to take estimation uncertainty into account, we instead propose
a fully Bayesian formulation of the ETAS model, which uses a nonparametric
Dirichlet process mixture prior to capture the spatial mainshock process, and
show how efficient parameter inference can be carried out using auxiliary la-
tent variables. We demonstrate how our model can be used for medium-term
earthquake forecasts in a number of geographical regions.
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Estimation of stillbirth rates globally is complicated because of the
paucity of reliable data from countries where most stillbirths occur. We com-
piled data and developed a Bayesian hierarchical temporal sparse regression
model for estimating stillbirth rates for 195 countries from 2000 to 2019.
The model combines covariates with a temporal smoothing process so that
estimates are data-driven in country-periods with high-quality data and deter-
mined by covariates for country-periods with limited or no data. Horseshoe
priors are used to encourage sparseness. The model adjusts observations with
alternative stillbirth definitions and accounts for various sources of uncer-
tainty. In-sample goodness of fit and out-of-sample validation results suggest
that the model is reasonably well calibrated. The model is used by the UN In-
teragency Group for Child Mortality Estimation to monitor the stillbirth rate
for 195 countries.

REFERENCES

AHMED, I., ALI, S. M., AMENGA-ETEGO, S., ARIFF, S., BAHL, R., BAQUI, A. H., BEGUM, N., BHAN-
DARI, N., BHATIA, K. et al. (2018). Population-based rates, timing, and causes of maternal deaths, stillbirths,
and neonatal deaths in south Asia and sub-Saharan Africa: A multi-country prospective cohort study. The
Lancet Global Health 6 e1297–e1308. https://doi.org/10.1016/S2214-109X(18)30385-1

ALKEMA, L., ZHANG, S., CHOU, D., GEMMILL, A., MOLLER, A.-B., FAT, D. M., SAY, L., MATHERS, C.
and HOGAN, D. (2017). A Bayesian approach to the global estimation of maternal mortality. Ann. Appl. Stat.
11 1245–1274. MR3709559 https://doi.org/10.1214/16-AOAS1014

BLENCOWE, H., COUSENS, S., JASSIR, F. B., SAY, L., CHOU, D., MATHERS, C., HOGAN, D., SHIEKH, S.,
QURESHI, Z. U. et al. (2016). National, regional, and worldwide estimates of stillbirth rates in 2015, with
trends from 2000: A systematic analysis. The Lancet Global Health 4 e98–e108. https://doi.org/10.1016/
S2214-109X(15)00275-2

BOSE, C. L., BAUSERMAN, M., GOLDENBERG, R. L., GOUDAR, S. S., MCCLURE, E. M., PASHA, O.,
CARLO, W. A., GARCES, A., MOORE, J. L. et al. (2015). The global network maternal newborn health
registry: A multi-national, community-based registry of pregnancy outcomes. Reproductive Health 12 S1.
https://doi.org/10.1186/1742-4755-12-S2-S1

BRADLEY, S. E. K., WINFREY, W. and CROFT, T. N. (2015). Contraceptive use and perinatal mortality in the
DHS: An assessment of the quality and consistency of calendars and histories. DHS Methodological Reports
No. 17. ICF International, Rockville, Maryland, USA.

CARPENTER, B., GELMAN, A., HOFFMAN, M. D., LEE, D., GOODRICH, B., BETANCOURT, M.,
BRUBAKER, M., GUO, J., LI, P. et al. (2017). Stan: A probabilistic programming language. J. Stat. Softw.
76. https://doi.org/10.18637/jss.v076.i01

CARVALHO, C. M., POLSON, N. G. and SCOTT, J. G. (2009). Handling sparsity via the horseshoe. Artificial
Intelligence and Statistics 8.

Key words and phrases. Bayesian hierarchical model, Bayesian sparsity, time-series analysis.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1571
http://www.imstat.org
mailto:zhengfanwang@umass.edu
mailto:lalkema@umass.edu
mailto:miranda.fix@gmail.com
mailto:jonno@uw.edu
mailto:lhug@unicef.org
mailto:a.mishra@imperial.ac.uk
mailto:dyou@unicef.org
mailto:annah-jayne.blencowe@lshtm.ac.uk
https://doi.org/10.1016/S2214-109X(18)30385-1
https://mathscinet.ams.org/mathscinet-getitem?mr=3709559
https://doi.org/10.1214/16-AOAS1014
https://doi.org/10.1016/S2214-109X(15)00275-2
https://doi.org/10.1186/1742-4755-12-S2-S1
https://doi.org/10.18637/jss.v076.i01
https://doi.org/10.1016/S2214-109X(15)00275-2


CURRIE, I. D. and DURBAN, M. (2002). Flexible smoothing with P -splines: A unified approach. Stat. Model. 2
333–349. MR1951589 https://doi.org/10.1191/1471082x02st039ob

EILERS, P. H. C. and MARX, B. D. (1996). Flexible smoothing with B-splines and penalties. Statist. Sci. 11
89–121. With comments and a rejoinder by the authors. MR1435485 https://doi.org/10.1214/ss/1038425655

GELMAN, A. (2006). Prior distributions for variance parameters in hierarchical models (comment on article by
Browne and Draper). Bayesian Anal. 1 515–533. MR2221284 https://doi.org/10.1214/06-BA117A

GELMAN, A. and RUBIN, B. (1992). Inference from iterative simulation using multiple sequences. Statist. Sci. 7
457–72.

HUG, L., YOU, D., BLENCOWE, H., MISHRA, A., WANG, Z., FIX, M. J., WAKEFIELD, J., MORAN, A. C.,
GAIGBE-TOGBE, V. et al. (2021). Global, regional, and national estimates and trends in stillbirths from 2000
to 2019: A systematic assessment. Lancet 398 772–785.

KURUVILLA, S., BUSTREO, F., KUO, T., MISHRA, C., TAYLOR, K., FOGSTAD, H., GUPTA, G. R.,
GILMORE, K., TEMMERMAN, M. et al. (2016). The Global strategy for women’s, children’s and adoles-
cents’ health (2016–2030): A roadmap based on evidence and country experience. Bull. World Health Organ.
94 398–400. https://doi.org/10.2471/BLT.16.170431

LIU, L., KALTER, H. D., CHU, Y., KAZMI, N., KOFFI, A. K., AMOUZOU, A., JOOS, O., MUNOS, M. and
BLACK, R. E. (2016). Understanding misclassification between neonatal deaths and stillbirths: Empirical
evidence from Malawi. PLoS ONE 11 e0168743. https://doi.org/10.1371/journal.pone.0168743

PEDERSEN, J. and LIU, J. (2012). Child mortality estimation: Appropriate time periods for child mortality esti-
mates from full birth histories. PLoS Med. 9 e1001289. https://doi.org/10.1371/journal.pmed.1001289

PIIRONEN, J. and VEHTARI, A. (2017a). Sparsity information and regularization in the horseshoe and other
shrinkage priors. Electron. J. Stat. 11 5018–5051. MR3738204 https://doi.org/10.1214/17-EJS1337SI

PIIRONEN, J. and VEHTARI, A. (2017b). Comparison of Bayesian predictive methods for model selection. Stat.
Comput. 27 711–735. MR3613594 https://doi.org/10.1007/s11222-016-9649-y

STANTON, C., LAWN, J. E., RAHMAN, H., WILCZYNSKA-KETENDE, K. and HILL, K. (2006). Stillbirth
rates: Delivering estimates in 190 countries. Lancet 367 1487–1494. https://doi.org/10.1016/S0140-6736(06)
68586-3

STAN DEVELOPMENT TEAM (2018). RStan: The R interface to Stan. R package version 2.18.2.
UN INTER-AGENCY GROUP FOR CHILD MORTALITY ESTIMATION (2020). A neglected tragedy: The global

burden of stillbirths. Report of the UN Inter-agency Group for Child Mortality Estimation, 2020. United Na-
tions Children’s Fund, New York.

VEHTARI, A., GELMAN, A. and GABRY, J. (2017). Practical Bayesian model evaluation using leave-
one-out cross-validation and WAIC. Stat. Comput. 27 1413–1432. MR3647105 https://doi.org/10.1007/
s11222-016-9696-4

VEHTARI, A., GABRY, J., MAGNUSSON, M., YAO, Y. and GELMAN, A. (2019). loo: Efficient leave-one-out
cross-validation and WAIC for Bayesian models. R package version 2.2.0.

VEHTARI, A., GELMAN, A., SIMPSON, D., CARPENTER, B. and BÜRKNER, P.-C. (2021). Rank-normalization,
folding, and localization: An improved R̂ for assessing convergence of MCMC (with discussion). Bayesian
Anal. 16 667–718. Includes comments and discussions by seven discussants and a rejoinder by the authors.
MR4298989 https://doi.org/10.1214/20-ba1221

WANG, Z., FIX, M. J., HUG, L., MISHRA, A., YOU, D., BLENCOWE, H., WAKEFIELD, J. and ALKEMA, L.
(2022). Supplement to “Estimating the stillbirth rate for 195 countries using a Bayesian sparse regression
model with temporal smoothing.” https://doi.org/10.1214/21-AOAS1571SUPP

WHO DEPARTMENT OF INFORMATION, EVIDENCE, AND RESEARCH (2018). WHO methods and data sources
for life tables 1990–2016.

WOODS, R. (2008). Long-term tends in fetal mortality: Implications for developing countries. Bull. World Health
Organ. 2008 460–466. https://doi.org/10.2471/BLT.07.043471

WORLD HEALTH ORGANIZATION (2014). Every Newborn: An Action Plan to End Preventable Deaths. World
Health Organization, Geneva. OCLC: 918973731.

WORLD HEALTH ORGANIZATION (2019). International Classification of Disease (ICD), Revised Definition for
ICD-11.

https://mathscinet.ams.org/mathscinet-getitem?mr=1951589
https://doi.org/10.1191/1471082x02st039ob
https://mathscinet.ams.org/mathscinet-getitem?mr=1435485
https://doi.org/10.1214/ss/1038425655
https://mathscinet.ams.org/mathscinet-getitem?mr=2221284
https://doi.org/10.1214/06-BA117A
https://doi.org/10.2471/BLT.16.170431
https://doi.org/10.1371/journal.pone.0168743
https://doi.org/10.1371/journal.pmed.1001289
https://mathscinet.ams.org/mathscinet-getitem?mr=3738204
https://doi.org/10.1214/17-EJS1337SI
https://mathscinet.ams.org/mathscinet-getitem?mr=3613594
https://doi.org/10.1007/s11222-016-9649-y
https://doi.org/10.1016/S0140-6736(06)68586-3
https://mathscinet.ams.org/mathscinet-getitem?mr=3647105
https://doi.org/10.1007/s11222-016-9696-4
https://mathscinet.ams.org/mathscinet-getitem?mr=4298989
https://doi.org/10.1214/20-ba1221
https://doi.org/10.1214/21-AOAS1571SUPP
https://doi.org/10.2471/BLT.07.043471
https://doi.org/10.1016/S0140-6736(06)68586-3
https://doi.org/10.1007/s11222-016-9696-4


The Annals of Applied Statistics
2022, Vol. 16, No. 4, 2122–2144
https://doi.org/10.1214/21-AOAS1572
© Institute of Mathematical Statistics, 2022

FUNCTIONAL RANDOM EFFECTS MODELING OF BRAIN SHAPE AND
CONNECTIVITY
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We present a statistical framework that jointly models brain shape and
functional connectivity which are two complex aspects of the brain that have
been classically studied independently. We adopt a Riemannian modeling ap-
proach to account for the non-Euclidean geometry of the space of shapes
and the space of connectivity that constrains trajectories of covariation to be
valid statistical estimates. In order to disentangle genetic sources of variabil-
ity from those driven by unique environmental factors, we embed a functional
random effects model in the Riemannian framework. We apply the proposed
model to the Human Connectome Project dataset to explore spontaneous co-
variation between brain shape and connectivity in young healthy individuals.
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We propose the “study strap ensemble,” which combines advantages of
two common approaches to fitting prediction models when multiple training
datasets (“studies”) are available: pooling studies and fitting one model vs.
averaging predictions from multiple models each fit to individual studies. The
study strap ensemble fits models to bootstrapped datasets or “pseudo-studies.”
These are generated by resampling from multiple studies with a hierarchical
resampling scheme that generalizes the randomized cluster bootstrap. The
study strap is controlled by a tuning parameter that determines the propor-
tion of observations to draw from each study. When the parameter is set to
its lowest value, each pseudo-study is resampled from only a single study.
When it is high, the study strap ignores the multistudy structure and gener-
ates pseudo-studies by merging the datasets and drawing observations like a
standard bootstrap. We empirically show the optimal tuning value often lies
in between and prove that special cases of the study strap draw the merged
dataset and the set of original studies as pseudo-studies. We extend the study
strap approach with an ensemble weighting scheme that utilizes information
in the distribution of the covariates of the test dataset.

Our work is motivated by neuroscience experiments using real-time neu-
rochemical sensing during awake behavior in humans. Current techniques to
perform this kind of research require measurements from an electrode placed
in the brain during awake neurosurgery and rely on prediction models to
estimate neurotransmitter concentrations from the electrical measurements
recorded by the electrode. These models are trained by combining multiple
datasets that are collected in vitro under heterogeneous conditions in order to
promote accuracy of the models when applied to data collected in the brain. A
prevailing challenge is deciding how to combine studies or ensemble models
trained on different studies to enhance model generalizability.

Our methods produce marked improvements in simulations and in this
application. All methods are available in the studyStrap CRAN package.
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Identifying differences in networks has become a canonical problem in
many biological applications. Existing methods try to accomplish this goal
by either directly comparing the estimated structures of two networks or test-
ing the null hypothesis that the covariance or inverse covariance matrices in
two populations are identical. However, estimation approaches do not pro-
vide measures of uncertainty, for example, p-values, whereas existing testing
approaches could lead to misleading results, as we illustrate in this paper.
To address these shortcomings, we propose a qualitative hypothesis testing
framework which tests whether the connectivity structures in the two net-
works are the same. Our framework is especially appropriate if the goal is
to identify nodes or edges that are differentially connected. No existing ap-
proach could test such hypotheses and provide corresponding measures of
uncertainty. Theoretically, we show that, under appropriate conditions, our
proposal correctly controls the type-I error rate in testing the qualitative hy-
pothesis. Empirically, we demonstrate the performance of our proposal using
simulation studies and applications in cancer genomics.
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Inferring gene regulatory networks can elucidate how genes work coop-
eratively. The gene-gene collaboration information is often learned by Gaus-
sian graphical models (GGM) that aim to identify whether the expression lev-
els of any pair of genes are dependent, given other genes’ expression values.
One basic assumption that guarantees the validity of GGM is data normality,
and this often holds for bulk-level expression data which aggregate biological
signals from a collection of cells. However, fine-grained cell-level expression
profiles collected in single-cell RNA-sequencing (scRNA-seq) reveal non-
normality features—cellular heterogeneity and zero inflation. We propose a
Bayesian latent mixture GGM to jointly estimate multiple gene regulatory
networks accounting for the zero inflation and unknown heterogeneity of
single-cell expression data. The proposed approach outperforms competing
methods on synthetic data in terms of network structure and precision ma-
trix estimation accuracy and provides biological insights when applied to two
real-world scRNA-seq datasets. An R package implementing the proposed
model is available on GitHub https://github.com/WgitU/BLGGM.
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ACCOUNTING FOR SURVEY DESIGN IN BAYESIAN DISAGGREGATION
OF SURVEY-BASED AREAL ESTIMATES OF PROPORTIONS: AN

APPLICATION TO THE AMERICAN COMMUNITY SURVEY

BY MARCO H. BENEDETTI1,a, VERONICA J. BERROCAL2,b AND RODERICK J. LITTLE3,c

1Nationwide Children’s Hospital, Center for Injury Research and Policy, amarco.benedetti@nationwidechildrens.org
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Understanding the effects of social determinants of health on health out-
comes requires data on characteristics of the neighborhoods in which sub-
jects live. However, estimates of these characteristics are often aggregated
over space and time in a fashion that diminishes their utility. Take, for exam-
ple, estimates from the American Community Survey (ACS), a multiyear na-
tionwide survey administered by the U.S. Census Bureau: estimates for small
municipal areas are aggregated over 5-year periods, whereas 1-year estimates
are only available for municipal areas with populations >65,000. Researchers
may wish to use ACS estimates in studies of population health to character-
ize neighborhood-level exposures. However, 5-year estimates may not prop-
erly characterize temporal changes or align temporally with other data in the
study, while the coarse spatial resolution of the 1-year estimates diminishes
their utility in characterizing neighborhood exposure. To circumvent this is-
sue, in this paper we propose a modeling framework to disaggregate estimates
of proportions derived from sampling surveys, which explicitly accounts for
the survey design effect. We illustrate the utility of our model by applying it
to the ACS data, generating estimates of poverty for the state of Michigan at
fine spatiotemporal resolution.
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Microbiome researchers often need to model the temporal dynamics of
multiple complex, nonlinear outcome trajectories simultaneously. This mo-
tivates our development of multivariate Sparse Functional Principal Com-
ponents Analysis (mSFPCA), extending existing SFPCA methods to simul-
taneously characterize multiple temporal trajectories and their interrelation-
ships. As with existing SFPCA methods, the mSFPCA algorithm character-
izes each trajectory as a smooth mean plus a weighted combination of the
smooth major modes of variation about the mean, where the weights are given
by the component scores for each subject. Unlike existing SFPCA methods,
the mSFPCA algorithm allows estimation of multiple trajectories simultane-
ously, such that the component scores, which are constrained to be indepen-
dent within a particular outcome for identifiability, may be arbitrarily corre-
lated with component scores for other outcomes. A Cholesky decomposition
is used to estimate the component score covariance matrix efficiently and
guarantee positive semidefiniteness given these constraints. Mutual informa-
tion is used to assess the strength of marginal and conditional temporal asso-
ciations across outcome trajectories. Importantly, we implement mSFPCA as
a Bayesian algorithm using R and stan, enabling easy use of packages such as
PSIS-LOO for model selection and graphical posterior predictive checks to
assess the validity of mSFPCA models. Although we focus on application of
mSFPCA to microbiome data in this paper, the mSFPCA model is of general
utility and can be used in a wide range of real-world applications.
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Predictive and prognostic biomarkers are increasingly important in clini-
cal research and practice. Biomarker studies are frequently embedded in ran-
domized clinical trials with biospecimens collected at baseline and assayed
for biomarkers, either in real time or retrospectively. This article proposes
efficient estimation strategies for two study settings in terms of biomarker
ascertainment: a complete-data setting in which the biomarker is measured
for all subjects in the trial, and a two-phase sampling design in which the
biomarker is measured retrospectively for a random subsample of subjects se-
lected in an outcome-dependent fashion. In both settings, efficient estimating
functions are characterized using semiparametric theory and approximated
using data-adaptive machine learning methods, leading to estimators that are
consistent, asymptotically normal and (approximately) efficient under gen-
eral conditions. The proposed methods are evaluated in simulation studies
and applied to real data from two biomarker studies, one in each setting.

REFERENCES

BICKEL, P. J., KLAASSEN, C. A. J., RITOV, Y. and WELLNER, J. A. (1993). Efficient and Adaptive Estimation
for Semiparametric Models. Johns Hopkins Series in the Mathematical Sciences. Johns Hopkins Univ. Press,
Baltimore, MD. MR1245941

CARROLL, R. J. and WAND, M. P. (1991). Semiparametric estimation in logistic measurement error models. J.
Roy. Statist. Soc. Ser. B 53 573–585. MR1125715

CHATTERJEE, N., CHEN, Y.-H. and BRESLOW, N. E. (2003). A pseudoscore estimator for regression prob-
lems with two-phase sampling. J. Amer. Statist. Assoc. 98 158–168. MR1965682 https://doi.org/10.1198/
016214503388619184

CHEN, H. Y. (2004). Nonparametric and semiparametric models for missing covariates in parametric regression.
J. Amer. Statist. Assoc. 99 1176–1189. MR2109505 https://doi.org/10.1198/016214504000001727

CHERNOZHUKOV, V., CHETVERIKOV, D., DEMIRER, M., DUFLO, E., HANSEN, C., NEWEY, W. and ROBINS,
J. (2018). Double/debiased machine learning for treatment and structural parameters. Econom. J. 21 C1–C68.
MR3769544 https://doi.org/10.1111/ectj.12097

DURIE, B. G. M., HOERING, A., ABIDI, M. H., RAJKUMAR, S. V., EPSTEIN, J., KAHANIC, S. P., THAKURI,
M., REU, F., REYNOLDS, C. M. et al. (2017). Bortezomib with lenalidomide and dexamethasone versus
lenalidomide and dexamethasone alone in patients with newly diagnosed myeloma without intent for imme-
diate autologous stem-cell transplant (SWOG S0777): A randomised, open-label, phase 3 trial. Lancet 389
519–527. https://doi.org/10.1016/S0140-6736(16)31594-X

HASTIE, T., TIBSHIRANI, R. and FRIEDMAN, J. (2009). The Elements of Statistical Learning: Data Min-
ing, Inference, and Prediction, 2nd ed. Springer Series in Statistics. Springer, New York. MR2722294
https://doi.org/10.1007/978-0-387-84858-7

IBRAHIM, J. G., CHEN, M. and LIPSITZ, S. R. (1999). Monte Carlo EM for missing covariates in parametric
regression models. Biometrics 55 591–596.

KALFF, A. and SPENCER, A. (2012). The t (4;14) translocation and FGFR3 overexpression in multiple myeloma:
Prognostic implications and current clinical strategies. Blood Cancer J. 2.

Key words and phrases. Augmentation, precision medicine, semiparametric theory, super learner, two-phase
sampling.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1588
http://www.imstat.org
mailto:zhangwei@amss.ac.cn
mailto:zhiwei.zhang@nih.gov
mailto:james.troendle@nih.gov
mailto:liua@mail.nih.gov
https://mathscinet.ams.org/mathscinet-getitem?mr=1245941
https://mathscinet.ams.org/mathscinet-getitem?mr=1125715
https://mathscinet.ams.org/mathscinet-getitem?mr=1965682
https://doi.org/10.1198/016214503388619184
https://mathscinet.ams.org/mathscinet-getitem?mr=2109505
https://doi.org/10.1198/016214504000001727
https://mathscinet.ams.org/mathscinet-getitem?mr=3769544
https://doi.org/10.1111/ectj.12097
https://doi.org/10.1016/S0140-6736(16)31594-X
https://mathscinet.ams.org/mathscinet-getitem?mr=2722294
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1198/016214503388619184


KARAPETIS, C. S., KHAMBATA-FORD, S., JONKER, D. J., O’CALLAGHAN, C. J., TU, D., TEBBUTT, N. C.,
SIMES, R. J., CHALCHAL, H., SHAPIRO, J. D. et al. (2008). K-ras mutations and benefit from cetuximab in
advanced colorectal cancer. N. Engl. J. Med. 359 1757–1765.

KENNEDY, E. H., BALAKRISHNAN, S. and G’SELL, M. (2020). Sharp instruments for classifying compliers and
generalizing causal effects. Ann. Statist. 48 2008–2030. MR4134784 https://doi.org/10.1214/19-AOS1874

KOOPERBERG, C., CUSHMAN, M., HSIA, J., ROBINSON, J. G., ARAFAKI, A. K., LYNCH, J. K., BAIRD, A.
E., JOHNSON, K. C., KULLER, L. H. et al. (2007). Can biomarkers identify women at increased stroke risk?
The women’s health initiative hormone trials. PLOS Clin. Trials 2.

PEPE, M. S. and FLEMING, T. R. (1991). A nonparametric method for dealing with mismeasured covariate data.
J. Amer. Statist. Assoc. 86 108–113. MR1137103

POLLEY, E. C., ROSE, S. and VAN DER LAAN, M. J. (2011). Super learning. In Targeted Learning. Springer Ser.
Statist. 43–66. Springer, New York. MR2867115 https://doi.org/10.1007/978-1-4419-9782-1_3

POLLEY, M. Y. C., FREIDLIN, B., KORN, E. L., CONLEY, B. A., ABRAMS, J. S. and MCSHANE, L. M. (2013).
Statistical and practical considerations for clinical evaluation of predictive biomarkers. J. Natl. Cancer Inst.
105 1677–1683.

ROSSOUW, J. E., ANDERSON, G. L., PRENTICE, R. L., LACROIX, A. Z., KOOPERBERG, C., STEFANICK, M.
L., JACKSON, R. D., BERESFORD, S. A. A., HOWARD, B. V. et al. (2002). Risks and benefits of estrogen plus
progestin in healthy postmenopausal women: Principal results from the women’s health initiative randomized
controlled trial. J. Am. Med. Assoc. 288 321–333.

RUBIN, D. B. (1976). Inference and missing data. Biometrika 63 581–592. MR0455196 https://doi.org/10.1093/
biomet/63.3.581

SIMES, J., ROBLEDO, K. P., WHITE, H. D., ESPINOZA, D., STEWART, R. A., SULLIVAN, D. R., ZELLER, T.,
HAGUE, W., NESTEL, P. J. et al. (2018). D-dimer predicts long-term cause-specific mortality, cardiovascular
events, and cancer in patients with stable coronary heart disease. Circulation 138 721–723.

SIMON, R., PAIK, S. and HAYES, D. F. (2009). Use of archived specimens inevaluation of prognostic and pre-
dictive biomarkers. J. Natl. Cancer Inst. 101 1446–1452.

TIAN, L., ALIZADEH, A. A., GENTLES, A. J. and TIBSHIRANI, R. (2014). A simple method for estimating
interactions between a treatment and a large number of covariates. J. Amer. Statist. Assoc. 109 1517–1532.
MR3293607 https://doi.org/10.1080/01621459.2014.951443

TSIATIS, A. A. (2006). Semiparametric Theory and Missing Data. Springer Series in Statistics. Springer, New
York. MR2233926

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

VAN DER LAAN, M. J. and ROBINS, J. M. (2003). Unified Methods for Censored Longitudinal Data and Causal-
ity. Springer Series in Statistics. Springer, New York. MR1958123 https://doi.org/10.1007/978-0-387-21700-0

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

VAN DER VAART, A. W. and WELLNER, J. A. (1996). Weak Convergence and Empirical Processes with Appli-
cations to Statistics. Springer Series in Statistics. Springer, New York. MR1385671 https://doi.org/10.1007/
978-1-4757-2545-2

ZHANG, Z. and MA, S. (2019). Machine learning methods for leveraging baseline covariate information to im-
prove the efficiency of clinical trials. Stat. Med. 38 1703–1714. MR3934815 https://doi.org/10.1002/sim.8054

ZHANG, M., TSIATIS, A. A. and DAVIDIAN, M. (2008). Improving efficiency of inferences in randomized clini-
cal trials using auxiliary covariates. Biometrics 64 707–715. MR2526620 https://doi.org/10.1111/j.1541-0420.
2007.00976.x

ZHANG, W., ZHANG, Z. W., TROENDLE, J. F. and LIU, A. (2022). Supplement to “Data-adaptive effi-
cient estimation strategies for biomarker studies embedded in randomized trials.” https://doi.org/10.1214/
21-AOAS1588SUPP

ZHANG, Z., QU, Y., ZHANG, B., NIE, L. and SOON, G. (2016). Use of auxiliary covariates in estimating a
biomarker-adjusted treatment effect model with clinical trial data. Stat. Methods Med. Res. 25 2103–2119.
MR3553329 https://doi.org/10.1177/0962280213515572

ZHENG, W. and VAN DER LAAN, M. J. (2011). Cross-validated targeted minimum-loss-based estimation. In
Targeted Learning. Springer Ser. Statist. 459–474. Springer, New York. MR2867139 https://doi.org/10.1007/
978-1-4419-9782-1_27

https://mathscinet.ams.org/mathscinet-getitem?mr=4134784
https://doi.org/10.1214/19-AOS1874
https://mathscinet.ams.org/mathscinet-getitem?mr=1137103
https://mathscinet.ams.org/mathscinet-getitem?mr=2867115
https://doi.org/10.1007/978-1-4419-9782-1_3
https://mathscinet.ams.org/mathscinet-getitem?mr=0455196
https://doi.org/10.1093/biomet/63.3.581
https://mathscinet.ams.org/mathscinet-getitem?mr=3293607
https://doi.org/10.1080/01621459.2014.951443
https://mathscinet.ams.org/mathscinet-getitem?mr=2233926
https://mathscinet.ams.org/mathscinet-getitem?mr=2528575
https://doi.org/10.1002/sim.3113
https://mathscinet.ams.org/mathscinet-getitem?mr=1958123
https://doi.org/10.1007/978-0-387-21700-0
https://mathscinet.ams.org/mathscinet-getitem?mr=1652247
https://doi.org/10.1017/CBO9780511802256
https://mathscinet.ams.org/mathscinet-getitem?mr=1385671
https://doi.org/10.1007/978-1-4757-2545-2
https://mathscinet.ams.org/mathscinet-getitem?mr=3934815
https://doi.org/10.1002/sim.8054
https://mathscinet.ams.org/mathscinet-getitem?mr=2526620
https://doi.org/10.1111/j.1541-0420.2007.00976.x
https://doi.org/10.1214/21-AOAS1588SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=3553329
https://doi.org/10.1177/0962280213515572
https://mathscinet.ams.org/mathscinet-getitem?mr=2867139
https://doi.org/10.1007/978-1-4419-9782-1_27
https://doi.org/10.1093/biomet/63.3.581
https://doi.org/10.1007/978-1-4757-2545-2
https://doi.org/10.1111/j.1541-0420.2007.00976.x
https://doi.org/10.1214/21-AOAS1588SUPP
https://doi.org/10.1007/978-1-4419-9782-1_27


The Annals of Applied Statistics
2022, Vol. 16, No. 4, 2266–2278
https://doi.org/10.1214/21-AOAS1589
© Institute of Mathematical Statistics, 2022

AN OMNIBUS TEST FOR DETECTION OF SUBGROUP TREATMENT
EFFECTS VIA DATA PARTITIONING

BY YIFEI SUN1,a, XUMING HE2,c AND JIANHUA HU1,b

1Department of Biostatistics, Columbia University, ays3072@cumc.columbia.edu, bjh3992@cumc.columbia.edu
2Department of Statistics, University of Michigan, cxmhe@umich.edu

Late-stage clinical trials have been conducted primarily to establish the
efficacy of a new treatment in an intended population. A corollary of popula-
tion heterogeneity in clinical trials is that a treatment might be effective for
one or more subgroups, rather than for the whole population of interest. As
an example, the phase III clinical trial of panitumumab in metastatic colorec-
tal cancer patients failed to demonstrate its efficacy in the overall population,
but a subgroup associated with tumor KRAS status was found to be promis-
ing (Peeters et al. (Am. J. Clin. Oncol. 28 (2010) 4706–4713)). As we search
for such subgroups via data partitioning based on a large number of biomark-
ers, we need to guard against inflated type I error rates due to multiple testing.
Commonly-used multiplicity adjustments tend to lose power for the detection
of subgroup treatment effects. We develop an effective omnibus test to detect
the existence of, at least, one subgroup treatment effect, allowing a large num-
ber of possible subgroups to be considered and possibly censored outcomes.
Applied to the panitumumab trial data, the proposed test would confirm a
significant subgroup treatment effect. Empirical studies also show that the
proposed test is applicable to a variety of outcome variables and maintains
robust statistical power.
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A randomized trial is the gold standard for assessing the benefit of a treat-
ment versus a control. When noncompliance is present, treatment effect de-
pends on the tendency to comply—an attribute that is not directly measurable.
Though the principal causal effect has been the most important for handling
noncompliance, it is not immediately applicable to clinical decision-making
as it targets the average effect in the latent strata of potential compliance. In
this work, we propose the concept of compliance score, a linear combination
of baseline characteristics, that uncovers the inherent attribute of compliance.
We then assess the heterogeneous causal effect, namely, the causal effect of
treatment as a function of baseline characteristics through the compliance
score. A pseudo-response, along with a nonparametric estimation procedure,
is proposed to ensure consistent and optimally efficient estimation. Compare
to principal causal effect, the proposed effect is actionable and allows pre-
diction of treatment effect at individual level. This work is motivated by and
applied to a clinical trial to evaluate the benefit of antiretroviral regimens in
HIV-infected patients.
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SPATIOTEMPORAL SATELLITE DATA IMPUTATION USING SPARSE
FUNCTIONAL DATA ANALYSIS
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Many scientific applications and signal processing algorithms require
complete satellite images. However, missing data in satellite images is very
common due to various reasons such as cloud cover and sensor-specific prob-
lems. This paper introduces a general spatiotemporal satellite image impu-
tation method based on sparse functional data analytic techniques. To han-
dle observations consisting of a few longitudinally repeated satellite images
that are themselves partially observed and noise-contaminated, we propose
a multistep imputation method by following the best linear unbiased predic-
tion principle and pooling information across all available locations and time
points. Theoretical properties are established for the proposed approach under
a new observation model for functional data that covers the dataset in ques-
tion as a special case. Practical analysis on the Landsat data are conducted
to illustrate and validate our algorithm which also shows that the proposed
method considerably outperforms existing algorithms in terms of prediction
accuracy. An efficient implementation using R and Rcpp is made available in
the R package stfit.
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MULTILEVEL TIME-SERIES MODELS FOR SMALL AREA ESTIMATION
AT DIFFERENT FREQUENCIES AND DOMAIN LEVELS

BY HARM JAN BOONSTRA1,a AND JAN VAN DEN BRAKEL2,b

1Statistics Netherlands, ahbta@cbs.nl
2Maastricht University, bjbrl@cbs.nl

A small area estimation method is developed for repeatedly conducted
multipurpose surveys. A multilevel time-series model is proposed that uses
direct estimates for the most detailed domains observed at the highest fre-
quency of the repeated survey. A consistent set of estimates at different aggre-
gation levels is then derived by aggregation of the model-based predictions
obtained for the most detailed domains observed at the highest frequency.
The model borrows strength over time and space via smooth and local level
trends at different aggregation levels. The model also borrows information
from auxiliary series available from registers with coefficients that can vary
over both domains and time. Regional domain random effects are allowed to
vary smoothly over space according to a spatial autoregressive process. To
account for the diversity of domains and for more volatile time-dependence,
nonnormally distributed random effects and trend innovations are used via so-
called global-local shrinkage priors. A Bayesian approach is taken, and the
model is estimated by MCMC simulation. The method is illustrated with an
application to the Dutch Labour Force Survey to produce monthly provincial
and quarterly municipal unemployment figures.
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HOW MANY REFUGEES AND MIGRANTS DIED TRYING TO REACH
EUROPE? JOINT POPULATION SIZE AND TOTAL ESTIMATION

BY ALESSIO FARCOMENIa

Department of Economics and Finance, University of Rome “Tor Vergata”, aalessio.farcomeni@uniroma2.it

We estimate the number of migrants and refugees that died while trying
to enter the European Union, during a period of 25 years. Only a subset of at-
tempts with at least one casualty are reported by at least one media source. In
order to obtain the estimate, we propose a regression-extrapolation approach,
for joint estimation of population size (here, the number of deadly individual
or group attempts) and the sum of an accompanying trait (here, the number
of deaths) over the population. The trait is measured only for a biased sam-
ple of individuals, that are repeatedly observed. Closed-form expressions are
derived for the estimator and its standard error. Our findings are that about
40,000 have died from January 1993 to March 2019, during about 5500 at-
tempts to enter the European Union. The number of deaths has been steadily
increasing over time, and so has the number of deaths per attempt. About 20%
of attempts with at least one casualty have not been recorded by any media
source, and slightly less than 10% of deaths have thus been overlooked by
media.
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Accurately modeling the growth process of plants in interaction with
their environment is important for predicting their biophysical characteris-
tics, referred to as phenotype prediction. Most models are described by dis-
crete dynamic systems in general state-space representation with important
domain-specific characteristics: First, plant model parameters have usually
clear functional meanings and may be of genetic origins, thus necessitating
a precise estimation. Second, critical growth variables, specifically biomass
production and dynamic allocation to organs, are hidden variables not acces-
sible to measure. Finally, the difficulty to assess the local plant environment
may imply the introduction of process noises in models. Therefore, a pre-
cise understanding of the system’s behavior requires the joint estimation of
functional parameters, hidden states, and noise parameters. In this paper we
describe how a full Bayesian method of estimation can accurately estimate all
these key model variables using Markov chain Monte Carlo (MCMC) tech-
niques. In the presence of both process and observation noises, it requires to
use adequate particle MCMC (PMCMC) algorithms to efficiently sample the
hidden states which, consequently, allows for a precise estimation of all noise
parameters involved. Thanks to the Bayesian framework, appropriate choices
of prior distributions for the noise parameters have enabled analytical pos-
terior distributions and only simple updates are required. Furthermore, this
estimation strategy can be easily generalized and adapted to different types
of plant growth models, such as organ-scale or compartmental, provided that
they are formulated as hidden Markov models. Our estimation method im-
proves on those classically used in plant growth modeling in several aspects:
First, by building upon a general probabilistic framework the estimation re-
sults allow proper statistical analyses. It is useful in prediction, no only for
uncertainty and risk analysis (e.g., for crop yield prediction) but also to an-
alyze the results of experimental trials, for example, to compare genotypes
in breeding. Moreover, the care taken in the estimation of hidden variables
opens new perspectives in the understanding of inner growth processes, no-
tably the balance and interaction between biomass production and allocation
(referred to as source-sink dynamics). Applications of this estimation proce-
dure are demonstrated on the GreenLab model for Arabidopsis thaliana and
the Log-Normal Allocation and Senescence (LNAS) model for sugar beet, on
both synthetic and real data.
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Reliably learning group structures among nodes in network data is chal-
lenging in several applications. We are particularly motivated by studying
covert networks that encode relationships among criminals. These data are
subject to measurement errors, and exhibit a complex combination of an un-
known number of core-periphery, assortative and disassortative structures that
may unveil key architectures of the criminal organization. The coexistence
of these noisy block patterns limits the reliability of routinely-used commu-
nity detection algorithms, and requires extensions of model-based solutions
to realistically characterize the node partition process, incorporate informa-
tion from node attributes, and provide improved strategies for estimation and
uncertainty quantification. To cover these gaps, we develop a new class of
extended stochastic block models (ESBM) that infer groups of nodes having
common connectivity patterns via Gibbs-type priors on the partition process.
This choice encompasses many realistic priors for criminal networks, cover-
ing solutions with fixed, random and infinite number of possible groups, and
facilitates the inclusion of node attributes in a principled manner. Among the
new alternatives in our class, we focus on the Gnedin process as a realistic
prior that allows the number of groups to be finite, random and subject to a
reinforcement process coherent with criminal networks. A collapsed Gibbs
sampler is proposed for the whole ESBM class, and refined strategies for es-
timation, prediction, uncertainty quantification and model selection are out-
lined. The ESBM performance is illustrated in realistic simulations and in an
application to an Italian mafia network, where we unveil key complex block
structures, mostly hidden from state-of-the-art alternatives.
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Repeated observations have become increasingly common in biomedi-
cal research and longitudinal studies. For instance, wearable sensor devices
are deployed to continuously track physiological and biological signals from
each individual over multiple days. It remains of great interest to appropri-
ately evaluate how the daily distribution of biosignals might differ across
disease groups and demographics. Hence, these data could be formulated as
multivariate complex object data, such as probability densities, histograms,
and observations on a tree. Traditional statistical methods would often fail
to apply, as they are sampled from an arbitrary non-Euclidean metric space.
In this paper we propose novel, nonparametric, graph-based two-sample tests
for object data with the same structure of repeated measures. We treat the re-
peatedly measured object data as multivariate object data, which requires the
same number of repeated observations per individual but eliminates any as-
sumptions on the errors of the repeated observations. A set of test statistics are
proposed to capture various possible alternatives. We derive their asymptotic
null distributions under the permutation null. These tests exhibit substantial
power improvements over the existing methods while controlling the type I
errors under finite samples as shown through simulation studies. The pro-
posed tests are demonstrated to provide additional insights on the location,
inter- and intra-individual variability of the daily physical activity distribu-
tions in a sample of studies for mood disorders.

REFERENCES

BANDA, J. A., HAYDEL, K. F., DAVILA, T., DESAI, M., BRYSON, S., HASKELL, W. L., MATHESON, D. and
ROBINSON, T. N. (2016). Effects of varying epoch lengths, wear time algorithms, and activity cut-points on
estimates of child sedentary behavior and physical activity from accelerometer data. PLoS ONE 11 e0150534.
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In recent years, within the dairy sector, animal diet and management
practices have been receiving increased attention, in particular, examining
the impact of pasture-based feeding strategies on the composition and quality
of milk and dairy products in line with the prevalence of premium grass-fed
dairy products appearing on market shelves. To date, methods to thoroughly
investigate the more relevant differences induced by the diet on milk chemi-
cal features are limited; enhanced statistical tools exploring these differences
are required.

Infrared spectroscopy techniques are widely used to collect data on milk
samples and to predict milk related traits and characteristics. While these
data are routinely used to predict the composition of the macro components
of milk, each spectrum also provides a reservoir of unharnessed information
about the sample. The accumulation and subsequent interpretation of these
data present some challenges due to their high-dimensionality and the rela-
tionships amongst the spectral variables.

In this work, directly motivated by a dairy application, we propose a
modification of the standard factor analysis to induce a parsimonious sum-
mary of spectroscopic data. Our proposal maps the observations into a low-
dimensional latent space while simultaneously clustering the observed vari-
ables. The method indicates possible redundancies in the data, and it helps
disentangle the complex relationships among the wavelengths. A flexible
Bayesian estimation procedure is proposed for model fitting, providing rea-
sonable values for the number of latent factors and clusters. The method is
applied on milk mid-infrared (MIR) spectroscopy data from dairy cows on
distinctly different pasture and nonpasture based diets, providing accurate
modelling of the correlation, clustering of variables, and information on dif-
ferences among milk samples from cows on different diets.
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Microorganisms play critical roles in host health. The advancement of
high-throughput sequencing technology provides opportunities for a deeper
understanding of microbial interactions. However, due to the technological
limitations of 16S ribosomal RNA sequencing, microbiome data are zero-
inflated, and a quantitative comparison of microbial abundances cannot be
made across subjects. By leveraging a recent microbiome profiling technique
that quantifies 16S ribosomal RNA microbial counts, we propose a novel
Bayesian graphical model that incorporates microorganisms’ evolutionary
history through a phylogenetic tree prior and explicitly accounts for zero in-
flation using the truncated Gaussian copula. Our simulation study reveals that
the evolutionary information substantially improves the network estimation
accuracy. We apply the proposed model to the quantitative gut microbiome
data of 106 healthy subjects and identify three distinct microbial communities
that are not found by existing microbial network estimation models. We fur-
ther find that these communities are discriminated based on microorganisms’
ability to utilize oxygen as an energy source.
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In this paper we develop statistical methods for causal inference in epi-
demics. Our focus is in estimating the effect of social mobility on deaths in the
first year of the Covid-19 pandemic. We propose a marginal structural model
motivated by a basic epidemic model. We estimate the counterfactual time
series of deaths under interventions on mobility. We conduct several types of
sensitivity analyses. We find that the data support the idea that reduced mo-
bility causes reduced deaths, but the conclusion comes with caveats. There is
evidence of sensitivity to model misspecification and unmeasured confound-
ing which implies that the size of the causal effect needs to be interpreted
with caution. While there is little doubt the effect is real, our work highlights
the challenges in drawing causal inferences from pandemic data.
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BAYESIAN HIERARCHICAL RANDOM-EFFECTS META-ANALYSIS AND
DESIGN OF PHASE I CLINICAL TRIALS

BY RUITAO LIN1,a, HAOLUN SHI2,d, GUOSHENG YIN3,e, PETER F. THALL1,b,
YING YUAN1,c AND CHRISTOPHER R. FLOWERS4,f
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3Department of Statistics and Actuarial Science, The University of Hong Kong, egyin@hku.hk
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We propose a curve-free random-effects meta-analysis approach to com-
bining data from multiple phase I clinical trials to identify an optimal dose.
Our method accounts for between-study heterogeneity that may stem from
different study designs, patient populations, or tumor types. We also develop
a meta-analytic-predictive (MAP) method, based on a power prior, that incor-
porates data from multiple historical studies into the design and conduct of
a new phase I trial. Performances of the proposed methods for data analysis
and trial design are evaluated by extensive simulation studies. The proposed
random-effects meta-analysis method provides more reliable dose selection
than comparators that rely on parametric assumptions. The MAP-based dose-
finding designs are generally more efficient than those that do not borrow in-
formation, especially when the current and historical studies are similar. The
proposed methodologies are illustrated by a meta-analysis of five historical
phase I studies of Sorafenib and design of a new phase I trial.
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ESTIMATING FUNCTIONAL PARAMETERS FOR UNDERSTANDING THE
IMPACT OF WEATHER AND GOVERNMENT INTERVENTIONS ON

COVID-19 OUTBREAK

BY CHIH-LI SUNGa

Department of Statistics and Probability, Michigan State University, asungchih@msu.edu

As the coronavirus disease 2019 (COVID-19) has shown profound ef-
fects on public health and the economy worldwide, it becomes crucial to as-
sess the impact on the virus transmission and develop effective strategies to
address the challenge. A new statistical model, derived from the SIR epidemic
model with functional parameters, is proposed to understand the impact of
weather and government interventions on the virus spread in the presence of
asymptomatic infections among eight metropolitan areas in the United States.
The model uses Bayesian inference with Gaussian process priors to study the
functional parameters nonparametrically, and sensitivity analysis is adopted
to investigate the main and interaction effects of these factors. This analysis
reveals several important results, including the potential interaction effects
between weather and government interventions, which shed new light on the
effective strategies for policymakers to mitigate the COVID-19 outbreak.
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Modeling and forecasting homogeneous age-specific mortality rates of
multiple countries could lead to improvements in long-term forecasting. Data
fed into joint models are often grouped according to nominal attributes, such
as geographic regions, ethnic groups, and socioeconomic status, which may
still contain heterogeneity and deteriorate the forecast results. Our paper pro-
poses a novel clustering technique to pursue homogeneity among multiple
functional time series, based on functional panel data modeling, to address
this issue. Using a functional panel data model with fixed effects, we can ex-
tract common functional time series features. These common features could
be decomposed into two components: the functional time trend and the mode
of variations of functions (functional pattern). The functional time trend re-
flects the dynamics across time, while the functional pattern captures the fluc-
tuations within curves. The proposed clustering method searches for homo-
geneous age-specific mortality rates of multiple countries by accounting for
both the modes of variations and the temporal dynamics among curves. We
demonstrate that the proposed clustering technique outperforms other exist-
ing methods through a Monte Carlo simulation and could handle complicated
cases with slow decaying eigenvalues. In empirical data analysis we find that
the clustering results of age-specific mortality rates can be explained by the
combination of geographic region, ethnic groups, and socioeconomic status.
We further show that our model produces more accurate forecasts than several
benchmark methods in forecasting age-specific mortality rates.
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Understanding subcellular protein localisation is an essential component
in the analysis of context specific protein function. Recent advances in quanti-
tative mass-spectrometry (MS) have led to high-resolution mapping of thou-
sands of proteins to subcellular locations within the cell. Novel modelling
considerations to capture the complex nature of these data are thus neces-
sary. We approach analysis of spatial proteomics data in a nonparametric
Bayesian framework, using K-component mixtures of Gaussian process re-
gression models. The Gaussian process regression model accounts for corre-
lation structure within a subcellular niche, with each mixture component cap-
turing the distinct correlation structure observed within each niche. The avail-
ability of marker proteins (i.e., proteins with a priori known labelled loca-
tions) motivates a semi-supervised learning approach to inform the Gaussian
process hyperparameters. We moreover provide an efficient Hamiltonian-
within-Gibbs sampler for our model. Furthermore, we reduce the computa-
tional burden associated with inversion of covariance matrices by exploiting
the structure in the covariance matrix. A tensor decomposition of our covari-
ance matrices allows extended Trench and Durbin algorithms to be applied to
reduce the computational complexity of inversion and hence accelerate com-
putation. We provide detailed case-studies on Drosophila embryos and mouse
pluripotent embryonic stem cells to illustrate the benefit of semi-supervised
functional Bayesian modelling of the data.

REFERENCES

ASHBURNER, M., BALL, C. A., BLAKE, J. A., BOTSTEIN, D., BUTLER, H., CHERRY, J. M., DAVIS, A. P.,
DOLINSKI, K., DWIGHT, S. S. et al. (2000). Gene ontology: Tool for the unification of biology. Nat. Genet.
25 25–29.

BARYLYUK, K., KORENY, L., KE, H., BUTTERWORTH, S., CROOK, O. M., LASSADI, I., GUPTA, V., TROMER,
E. C., MOURIER, T. et al. (2020). A subcellular atlas of toxoplasma reveals the functional context of the
proteome. BioRxiv.

BELTRAN, P. M. J., MATHIAS, R. A. and CRISTEA, I. M. (2016). A portrait of the human organelle proteome
in space and time during cytomegalovirus infection. Cell Syst. 3 361–373.

BESKOS, A., PILLAI, N., ROBERTS, G., SANZ-SERNA, J.-M. and STUART, A. (2013). Optimal tuning of the
hybrid Monte Carlo algorithm. Bernoulli 19 1501–1534. MR3129023 https://doi.org/10.3150/12-BEJ414

BLOBEL, G. (2013). Christian de Duve (1917–2013). Nature 498 300. https://doi.org/10.1038/498300a
BOUVEYRON, C., CÔME, E. and JACQUES, J. (2015). The discriminative functional mixture model for a com-

parative analysis of bike sharing systems. Ann. Appl. Stat. 9 1726–1760. MR3456352 https://doi.org/10.1214/
15-AOAS861

BRECKELS, L. M., GATTO, L., CHRISTOFOROU, A., GROEN, A. J., LILLEY, K. S. and TROTTER, M. W.
(2013). The effect of organelle discovery upon sub-cellular protein localisation. J. Proteomics 88 129–140.

BRECKELS, L. M., HOLDEN, S. B., WOJNAR, D., MULVEY, C. M., CHRISTOFOROU, A., GROEN, A., TROT-
TER, M. W., KOHLBACHER, O., LILLEY, K. S. et al. (2016). Learning from heterogeneous data sources: An
application in spatial proteomics. PLoS Comput. Biol. 12 e1004920.

Key words and phrases. Proteomics, Bayesian mixture models, semi-supervised learning.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/22-AOAS1603
http://www.imstat.org
mailto:oliver.crook@stats.ox.ac.uk
mailto:paul.kirk@mrc-bsu.cam.ac.uk
mailto:k.s.lilley@bioc.cam.ac.uk
mailto:laurent.gatto@uclouvain.be
https://mathscinet.ams.org/mathscinet-getitem?mr=3129023
https://doi.org/10.3150/12-BEJ414
https://doi.org/10.1038/498300a
https://mathscinet.ams.org/mathscinet-getitem?mr=3456352
https://doi.org/10.1214/15-AOAS861
https://doi.org/10.1214/15-AOAS861


CASELLA, G. and ROBERT, C. P. (1996). Rao-Blackwellisation of sampling schemes. Biometrika 83 81–94.
MR1399157 https://doi.org/10.1093/biomet/83.1.81

CHRISTOFOROU, A., MULVEY, C. M., BRECKELS, L. M., GELADAKI, A., HURRELL, T., HAYWARD, P. C.,
NAAKE, T., GATTO, L., VINER, R. et al. (2016). A draft map of the mouse pluripotent stem cell spatial
proteome. Nat. Commun. 7 9992.

CODY, N. A., IAMPIETRO, C. and LÉCUYER, E. (2013). The many functions of mRNA localization during
normal development and disease: From pillar to post. Wiley Interdiscip. Rev.: Dev. Biol. 2 781–796.

COOK, K. C. and CRISTEA, I. M. (2019). Location is everything: Protein translocations as a viral infection
strategy. Curr Opin Chem Biol 48 34–43. https://doi.org/10.1016/j.cbpa.2018.09.021

COOKE, E. J., SAVAGE, R. S., KIRK, P. D. W., DARKINS, R. and WILD, D. L. (2011). Bayesian hierarchical
clustering for microarray time series data with replicates and outlier measurements. BMC Bioinform. 12 399.
https://doi.org/10.1186/1471-2105-12-399

CORETTO, P. and HENNIG, C. (2016). Robust improper maximum likelihood: Tuning, computation, and a
comparison with other methods for robust Gaussian clustering. J. Amer. Statist. Assoc. 111 1648–1659.
MR3601724 https://doi.org/10.1080/01621459.2015.1100996

CROOK, O. M., MULVEY, C. M., KIRK, P. D. W., LILLEY, K. S. and GATTO, L. (2018). A Bayesian mixture
modelling approach for spatial proteomics. PLoS Comput. Biol. 14 1–29.

CROOK, O. M., GELADAKI, A., NIGHTINGALE, D. J. H., VENNARD, O. L., LILLEY, K. S., GATTO, L. and
KIRK, P. D. W. (2020). A semi-supervised Bayesian approach for simultaneous protein sub-cellular localisa-
tion assignment and novelty detection. PLoS Comput. Biol. 16 e1008288. https://doi.org/10.1371/journal.pcbi.
1008288

CROOK, O. M., LILLEY, K. S, GATTO, L. and KIRK, P. D (2022). Supplement to “Semi-Supervised Nonpara-
metric Bayesian Modelling of Spatial Proteomics.” https://doi.org/10.1214/22-AOAS1603SUPP

DAVIES, A. K., ITZHAK, D. N., EDGAR, J. R., ARCHULETA, T. L., HIRST, J., JACKSON, L. P., ROBINSON,
M. S. and BORNER, G. H. H. (2018). AP-4 vesicles contribute to spatial control of autophagy via RUSC-
dependent peripheral delivery of ATG9A. Nat. Commun. 9 3958. https://doi.org/10.1038/s41467-018-06172-7

DE DUVE, C. (1969). The peroxisome: A new cytoplasmic organelle. Proc. R. Soc. Lond., B Biol. Sci. 173 71–83.
DE DUVE, C. and BEAUFAY, H. (1981). A short history of tissue fractionation. J. Cell Biol. 91 293.
DE MATTEIS, M. A. and LUINI, A. (2011). Mendelian disorders of membrane trafficking. N. Engl. J. Med. 365

927–938.
DUANE, S., KENNEDY, A. D., PENDLETON, B. J. and ROWETH, D. (1987). Hybrid Monte Carlo. Phys. Lett. B

195 216–222. MR3960671 https://doi.org/10.1016/0370-2693(87)91197-x
DUNKLEY, T. P., WATSON, R., GRIFFIN, J. L., DUPREE, P. and LILLEY, K. S. (2004). Localization of organelle

proteins by isotope tagging (LOPIT). Mol. Cell. Proteomics 3 1128–1134.
DUNKLEY, T. P., HESTER, S., SHADFORTH, I. P., RUNIONS, J., WEIMAR, T., HANTON, S. L., GRIFFIN, J. L.,

BESSANT, C., BRANDIZZI, F. et al. (2006). Mapping the arabidopsis organelle proteome. Proc. Natl. Acad.
Sci. USA 103 6518–6523.

EDDELBUETTEL, D. and FRANCOIS, R. (2011). Rcpp: Seamless R and C++ integration. J. Stat. Softw. 40 1–18.
EDDELBUETTEL, D. and SANDERSON, C. (2014). RcppArmadillo: Accelerating R with high-performance C++

linear algebra. Comput. Statist. Data Anal. 71 1054–1063. MR3132026 https://doi.org/10.1016/j.csda.2013.
02.005

ESCOBAR, M. D. and WEST, M. (1995). Bayesian density estimation and inference using mixtures. J. Amer.
Statist. Assoc. 90 577–588. MR1340510

FRALEY, C. and RAFTERY, A. E. (2007). Bayesian regularization for normal mixture estimation and model-based
clustering. J. Classification 24 155–181. MR2415725 https://doi.org/10.1007/s00357-007-0004-5

GATTO, L., BRECKELS, L. M. and LILLEY, K. S. (2019). Assessing sub-cellular resolution in spatial proteomics
experiments. Curr. Opin. Chem. Biol. 48 123–149. https://doi.org/10.1016/j.cbpa.2018.11.015

GATTO, L., CROOK, O. M. and BRECKELS, L. M. (2018). pRolocdata: Data accompanying the pRoloc package.
R package version 1.19.1.

GATTO, L., VIZCAÍNO, J. A., HERMJAKOB, H., HUBER, W. and LILLEY, K. S. (2010). Organelle proteomics
experimental designs and analysis. Proteomics 10 3957–3969.

GATTO, L., BRECKELS, L. M., BURGER, T., NIGHTINGALE, D. J., GROEN, A. J., CAMPBELL, C., MULVEY,
C. M., CHRISTOFOROU, A., FERRO, M. et al. (2014a). A foundation for reliable spatial proteomics data
analysis. Mol. Cell. Proteomics mcp–M113.

GATTO, L., BRECKELS, L. M., WIECZOREK, S., BURGER, T. and LILLEY, K. S. (2014b). Mass-spectrometry-
based spatial proteomics data analysis using pRoloc and pRolocdata. Bioinformatics 30 1322–1324.
https://doi.org/10.1093/bioinformatics/btu013

GELADAKI, A., BRITOVSEK, N. K., BRECKELS, L. M., SMITH, T. S. O. L. V., MULVEY, C. M., CROOK,
O. M., GATTO, L. and LILLEY, K. S. (2019). Combining LOPIT with differential ultracentrifugation for
high-resolution spatial proteomics. Nat. Commun. 10 331.

https://mathscinet.ams.org/mathscinet-getitem?mr=1399157
https://doi.org/10.1093/biomet/83.1.81
https://doi.org/10.1016/j.cbpa.2018.09.021
https://doi.org/10.1186/1471-2105-12-399
https://mathscinet.ams.org/mathscinet-getitem?mr=3601724
https://doi.org/10.1080/01621459.2015.1100996
https://doi.org/10.1371/journal.pcbi.1008288
https://doi.org/10.1214/22-AOAS1603SUPP
https://doi.org/10.1038/s41467-018-06172-7
https://mathscinet.ams.org/mathscinet-getitem?mr=3960671
https://doi.org/10.1016/0370-2693(87)91197-x
https://mathscinet.ams.org/mathscinet-getitem?mr=3132026
https://doi.org/10.1016/j.csda.2013.02.005
https://mathscinet.ams.org/mathscinet-getitem?mr=1340510
https://mathscinet.ams.org/mathscinet-getitem?mr=2415725
https://doi.org/10.1007/s00357-007-0004-5
https://doi.org/10.1016/j.cbpa.2018.11.015
https://doi.org/10.1093/bioinformatics/btu013
https://doi.org/10.1371/journal.pcbi.1008288
https://doi.org/10.1016/j.csda.2013.02.005


GELFAND, A. E., KOTTAS, A. and MACEACHERN, S. N. (2005). Bayesian nonparametric spatial modeling
with Dirichlet process mixing. J. Amer. Statist. Assoc. 100 1021–1035. MR2201028 https://doi.org/10.1198/
016214504000002078

GELFAND, A. E. and SMITH, A. F. M. (1990). Sampling-based approaches to calculating marginal densities. J.
Amer. Statist. Assoc. 85 398–409. MR1141740

GELMAN, A. (2006). Prior distributions for variance parameters in hierarchical models (comment on article by
Browne and Draper). Bayesian Anal. 1 515–533. MR2221284 https://doi.org/10.1214/06-BA117A

GELMAN, A., CARLIN, J. B., STERN, H. S. and RUBIN, D. B. (1995). Bayesian Data Analysis. Texts in Statis-
tical Science Series. CRC Press, London. MR1385925

GENTLEMAN, R. C., CAREY, V. J., BATES, D. M., BOLSTAD, B., DETTLING, M., DUDOIT, S., ELLIS, B.,
GAUTIER, L., GE, Y. et al. (2004). Bioconductor: Open software development for computational biology and
bioinformatics. Genome Biol. 5 R80.

GIBSON, T. J. (2009). Cell regulation: Determined to signal discrete cooperation. Trends Biochem. Sci. 34 471–
482.

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

GROEN, A. J., SANCHO-ANDRÉ, G., BRECKELS, L. M., GATTO, L., ANIENTO, F. and LILLEY, K. S. (2014).
Identification of trans-Golgi network proteins in Arabidopsis thaliana root tissue. J. Proteome Res. 13 763–776.

HALL, S. L., HESTER, S., GRIFFIN, J. L., LILLEY, K. S. and JACKSON, A. P. (2009). The organelle proteome
of the DT40 lymphocyte cell line. Mol. Cell. Proteomics 8 1295–1305.
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Much of the microdata used for epidemiological studies contain sensi-
tive measurements on real individuals. As a result, such microdata cannot
be published out of privacy concerns, and without public access to these
data, any statistical analyses originally published on them are nearly impos-
sible to reproduce. To promote the dissemination of key datasets for analy-
sis without jeopardizing the privacy of individuals, we introduce a cohesive
Bayesian framework for the generation of fully synthetic high-dimensional
microdatasets of mixed categorical, binary, count, and continuous variables.
This process centers around a joint Bayesian model that is simultaneously
compatible with all of these data types, enabling the creation of mixed syn-
thetic datasets through posterior predictive sampling. Furthermore, a focal
point of epidemiological data analysis is the study of conditional relation-
ships between various exposures and key outcome variables through regres-
sion analysis. We design a modified data synthesis strategy to target and pre-
serve these conditional relationships, including both nonlinearities and inter-
actions. The proposed techniques are deployed to create a synthetic version
of a confidential dataset containing dozens of health, cognitive, and social
measurements on nearly 20,000 North Carolina children.
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The accurate quantification of changes in the heat content of the world’s
oceans is crucial for our understanding of the effects of increasing green-
house gas concentrations. The Argo program, consisting of Lagrangian floats
that measure vertical temperature profiles throughout the global ocean, has
provided a wealth of data from which to estimate ocean heat content. How-
ever, creating a globally consistent statistical model for ocean heat content
remains challenging due to the need for a globally valid covariance model
that can capture complex nonstationarity. In this paper, we develop a hierar-
chical Bayesian Gaussian process model that uses kernel convolutions with
cylindrical distances to allow for spatial nonstationarity in all model param-
eters while using a Vecchia process to remain computationally feasible for
large spatial datasets. Our approach can produce valid credible intervals for
globally integrated quantities that would not be possible using previous ap-
proaches. These advantages are demonstrated through the application of the
model to Argo data, yielding credible intervals for the spatially varying trend
in ocean heat content that accounts for both the uncertainty induced from in-
terpolation and from estimating the mean field and other parameters. Through
cross-validation, we show that our model outperforms an out-of-the-box ap-
proach as well as other simpler models. The code for performing this analysis
is provided as the R package BayesianOHC.
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Neuroradiologists and neurosurgeons increasingly opt to use functional
magnetic resonance imaging (fMRI) to map functionally relevant brain re-
gions for noninvasive presurgical planning and intraoperative neuronaviga-
tion. This application requires a high degree of spatial accuracy, but the fMRI
signal-to-noise ratio (SNR) decreases as spatial resolution increases. In prac-
tice, fMRI scans can be collected at multiple spatial resolutions, and it is of
interest to make more accurate inference on brain activity by combining data
with different resolutions. To this end, we develop a new Bayesian model to
leverage both better anatomical precision in high resolution fMRI and higher
SNR in standard resolution fMRI. We assign a Gaussian process prior to the
mean intensity function and develop an efficient, scalable posterior compu-
tation algorithm to integrate both sources of data. We draw posterior sam-
ples using an algorithm analogous to Riemann manifold Hamiltonian Monte
Carlo in an expanded parameter space. We illustrate our method in analysis
of presurgical fMRI data and show in simulation that it infers the mean in-
tensity more accurately than alternatives that use either the high or standard
resolution fMRI data alone.
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Identifying which taxa in our microbiota are associated with traits of in-
terest is important for advancing science and health. However, the identifica-
tion is challenging because the measured vector of taxa counts (by amplicon
sequencing) is compositional, so a change in the abundance of one taxon in
the microbiota induces a change in the number of sequenced counts across
all taxa. The data are typically sparse, with many zero counts present either
due to biological variance or limited sequencing depth. We examine the case
of Crohn’s disease, where the microbial load changes substantially with the
disease. For this representative example of a highly compositional setting, we
show existing methods designed to identify differentially abundant taxa may
have an inflated number of false positives. We introduce a novel nonpara-
metric approach that provides valid inference, even when the fraction of zero
counts is substantial. Our approach uses a set of reference taxa that are non-
differentially abundant which can be estimated from the data or from outside
information. Our approach also allows for a novel type of testing: multivariate
tests of differential abundance over a focused subset of the taxa. Genera-level
multivariate testing discovers additional genera as differentially abundant by
avoiding agglomeration of taxa.
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Interstellar dust corrupts nearly every stellar observation and accounting
for it is crucial to measuring physical properties of stars. We model the dust
distribution as a spatially varying latent field with a Gaussian process (GP)
and develop a likelihood model and inference method that scales to millions
of astronomical observations. Modeling interstellar dust is complicated by
two factors. The first is integrated observations. The data come from a van-
tage point on Earth, and each observation is an integral of the unobserved
function along our line of sight, resulting in a complex likelihood and a more
difficult inference problem than in classical GP inference. The second com-
plication is scale; stellar catalogs have millions of observations. To address
these challenges, we develop ZIGGY, a scalable approach to GP inference
with integrated observations based on stochastic variational inference. We
study ZIGGY on synthetic data and the Ananke dataset, a high-fidelity mech-
anistic model of the Milky Way with millions of stars. ZIGGY reliably infers
the spatial dust map with well-calibrated posterior uncertainties.
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Inference on the extremal behaviour of spatial aggregates of precipitation
is important for quantifying river flood risk. There are two classes of previ-
ous approach, with one failing to ensure self-consistency in inference across
different regions of aggregation and the other imposing highly restrictive as-
sumptions. To overcome these issues, we propose a model for high-resolution
precipitation data from which we can simulate realistic fields and explore the
behaviour of spatial aggregates. Recent developments have seen spatial ex-
tensions of the Heffernan and Tawn (J. R. Stat. Soc. Ser. B. Stat. Methodol.
66 (2004) 497–546) model for conditional multivariate extremes which can
handle a wide range of dependence structures. Our contribution is twofold:
extensions and improvements of this approach and its model inference for
high-dimensional data and a novel framework for deriving aggregates ad-
dressing edge effects and subregions without rain. We apply our modelling
approach to gridded East Anglia, UK precipitation data. Return-level curves
for spatial aggregates over different regions of various sizes are estimated and
shown to fit very well to the data.
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A SPATIAL CAUSAL ANALYSIS OF WILDLAND FIRE-CONTRIBUTED
PM2.5 USING NUMERICAL MODEL OUTPUT

BY ALEXANDRA LARSEN1,a, SHU YANG2,b, BRIAN J. REICH2,c AND ANA G.
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Wildland fire smoke contains hazardous levels of fine particulate mat-
ter (PM2.5), a pollutant shown to adversely effect health. Estimating fire at-
tributable PM2.5 concentrations is key to quantifying the impact on air quality
and subsequent health burden. This is a challenging problem since only to-
tal PM2.5 is measured at monitoring stations and both fire-attributable PM2.5
and PM2.5 from all other sources are correlated in space and time. We propose
a framework for estimating fire-contributed PM2.5 and PM2.5 from all other
sources using a novel causal inference framework and bias-adjusted chemical
model representations of PM2.5 under counterfactual scenarios. The chemical
model representation of PM2.5 for this analysis is simulated using Commu-
nity Multiscale Air Quality Modeling System (CMAQ), run with and without
fire emissions across the contiguous U.S. for the 2008–2012 wildfire seasons.
The CMAQ output is calibrated with observations from monitoring sites for
the same spatial domain and time period. We use a Bayesian model that ac-
counts for spatial variation to estimate the effect of wildland fires on PM2.5
and state assumptions under which the estimate has a valid causal interpreta-
tion. Our results include estimates of the contributions of wildfire smoke to
PM2.5 for the contiguous U.S. Additionally, we compute the health burden
associated with the PM2.5 attributable to wildfire smoke.
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OF BEHAVIORAL PROBLEMS AFTER PHYSICAL ABUSE OF CHILDREN

BY TING YE1,a, DYLAN S. SMALL2,b AND PAUL R. ROSENBAUM2,c

1Department of Biostatistics, University of Washington, atingye1@uw.edu
2Department of Statistics and Data Science, Wharton School, University of Pennsylvania, bdsmall@wharton.upenn.edu,

crosenbaum@wharton.upenn.edu

Many observational studies assess the impact of a treatment on an out-
come that has several dimensions. In the observational study that we discuss,
physical abuse of children may affect the degree to which the child exhibits
depression, withdrawal or aggression. A treatment may affect all, some or
none of these dimensions. In addition to the scientific interest in learning the
effect on each dimension, it is also known that an appropriate combination of
dimensions may increase power, efficiency and insensitivity to unmeasured
biases; however, finding this appropriate combination requires corrections for
multiple testing that erode power. We explore this trade-off by developing a
new formula for the power of a sensitivity analysis in a simple situation with
several dimensions. The methodology is applied to study the effects of phys-
ical abuse in early childhood and its possible effects on several dimensions
of subsequent behavioral problems. Also, a general method is proposed for
converting any signed rank test for matched pairs into an analogous test for
matching each treated individual to several controls, and the performance of
this extension is examined. The proposed method aids in studying the relative
magnitude of the effect on different dimensions. A second evidence factor
considers the dose or intensity of physical abuse.
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Neuroimaging studies have a growing interest in learning the association
between the individual brain connectivity networks and their clinical char-
acteristics. It is also of great interest to identify the sub-brain networks as
biomarkers to predict the clinical symptoms, such as disease status, poten-
tially providing insight on neuropathology. This motivates the need for devel-
oping a new type of regression model where the response variable is scalar,
and predictors are networks that are typically represented as adjacent matrices
or weighted adjacent matrices to which we refer as scalar-on-network regres-
sion. In this work we develop a new boosting method for model fitting with
subnetwork markers selection. Our approach, as opposed to group lasso or
other existing regularization methods, is, essentially, a gradient descent algo-
rithm leveraging known network structure. We demonstrate the utility of our
methods via simulation studies and analysis of the resting-state fMRI data in
a cognitive developmental cohort study.
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Within the neurosciences it is natural to observe variability across time
in the dynamics of an underlying brain process. Wavelets are essential in
analysing brain signals because, even within a single trial, brain signals
exhibit nonstationary behaviour. However, neurological signals generated
within an experiment may also potentially exhibit evolution across trials
(replicates), even for identical stimuli. As neurologists consider localised
spectra of brain signals to be most informative, we propose the MULtiple-
Trials Locally Stationary Wavelet process (MULT-LSW) that fills the gap
in the literature by directly giving a stochastic wavelet representation of the
time series of ordered replicates itself. MULT-LSW yields a natural desired
time- and trial-localisation of the process dynamics, capturing nonstation-
ary behaviour both within and across trials. While current techniques are
restricted by the assumption of uncorrelated replicates, here we account for
between-trial correlation. We rigorously develop the associated wavelet spec-
tral estimation framework along with its asymptotic properties. By means of
thorough simulation studies, we demonstrate the theoretical estimator proper-
ties hold in practice. A real data investigation into the evolutionary dynamics
of the hippocampus and nucleus accumbens, during an associative learning
experiment, demonstrates the applicability of our proposed methodology as
well as the new insights it provides. Our model is general and facilitates wider
experimental data analysis than the current literature allows.
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Bi-clustering is a useful approach in analyzing large biological data sets
when the observations come from heterogeneous groups and have a large
number of features. We outline a general Bayesian approach in tackling
bi-clustering problems in moderate to high dimensions and propose three
Bayesian bi-clustering models on categorical data which increase in com-
plexities in their modeling of the distributions of features across bi-clusters.
Our proposed methods apply to a wide range of scenarios: from situations
where data are cluster-distinguishable only among a small subset of features
but masked by a large amount of noise to situations where different groups
of data are identified by different sets of features or data exhibit hierarchical
structures. Through simulation studies we show that our methods outperform
existing (bi-)clustering methods in both identifying clusters and recovering
feature distributional patterns across bi-clusters. We further apply the devel-
oped approaches to a human genetic dataset, a human single-cell genomic
dataset, and a collection of 1774 mouse genomic datasets with a focus on 58
genes from two pathways.
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