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MODELLED APPROXIMATIONS TO THE IDEAL FILTER WITH
APPLICATION TO GDP AND ITS COMPONENTS1

BY THOMAS M. TRIMBURa AND TUCKER S. MCELROYb

Center for Statistical Research and Methodology, U.S. Census Bureau, aThomas.Trimbur@census.gov,
btucker.s.mcelroy@census.gov

This paper examines cyclical fluctuations in a comprehensive statistical
application, focusing on U.S. macroeconomic indicators related to real gross
domestic product (real GDP). While GDP is generally viewed as the most
widespread measure of economic activity available, our dataset also encom-
passes the primary GDP components, such as investment, together with lead-
ing (and regularly analyzed) subcomponent series, like residential and inven-
tory investment. Analysis of the cycles in these major sectors provides a more
informative perspective on the macroeconomic state and may improve a re-
searcher’s ability to understand and forecast cyclical movements and growth
in GDP. Adaptive time series modelling is used for each time series to derive
the preferred band-pass filter for computing the optimal cycle. This contrasts
with the rigid use of the ideal filter, whose gain function is perfectly sharp.
Regarding the ideal filter, we provide an improved implementation compared
to current practice. Thus, a set of approximating filters is derived that allow
for a more attractive gain profile, a better match to the targeted passband, and
a direct statistical way to extract signals near the sample endpoints. Our ap-
plication study demonstrates that the commonly used ideal filter can perform
quite poorly on a routine basis and lead to incorrect conclusions about even
the most basic questions about empirical cyclical properties. The amplitude
of filtered economic activity can have major distortions and become expanded
or diminished (depending on the GDP component under consideration), and
many essential divergences in path may occur and affect key signals, such
as expansion or contraction in growth. Statistical measures of model perfor-
mance very strongly favor the adaptive parameter approach. Our statistical
analysis reveals diverse dynamic behavior among the series; such results may
yield worthwhile insights for output sector analysts and, even for those pri-
marily focused on GDP, may lead to possible modelling improvements by
using the finer information content in the GDP-component dynamics.
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IMPROVING EXOPLANET DETECTION POWER: MULTIVARIATE
GAUSSIAN PROCESS MODELS FOR STELLAR ACTIVITY

BY DAVID E. JONES1,a, DAVID C. STENNING2,b, ERIC B. FORD3,4,5,6,c,
ROBERT L. WOLPERT7,e, THOMAS J. LOREDO8,f, CHRISTIAN GILBERTSON3,d AND

XAVIER DUMUSQUE9,g
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8Cornell Center for Astrophysics and Planetary Science, Cornell University, floredo@astro.cornell.edu
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The radial velocity method is one of the most successful techniques for
detecting exoplanets. It works by detecting the velocity of a host star, induced
by the gravitational effect of an orbiting planet, specifically, the velocity along
our line of sight which is called the radial velocity of the star. Low-mass
planets typically cause their host star to move with radial velocities of 1 m/s
or less. By analyzing a time series of stellar spectra from a host star, mod-
ern astronomical instruments can, in theory, detect such planets. However, in
practice, intrinsic stellar variability (e.g., star spots, convective motion, pulsa-
tions) affects the spectra and often mimics a radial velocity signal. This signal
contamination makes it difficult to reliably detect low-mass planets. A prin-
cipled approach to recovering planet radial velocity signals in the presence of
stellar activity was proposed by Rajpaul et al. (Mon. Not. R. Astron. Soc. 452
(2015) 2269–2291). It uses a multivariate Gaussian process model to jointly
capture time series of the apparent radial velocity and multiple indicators
of stellar activity. We build on this work in two ways: (i) we propose using
dimension reduction techniques to construct new high-information stellar ac-
tivity indicators; and (ii) we extend the Rajpaul et al. (Mon. Not. R. Astron.
Soc. 452 (2015) 2269–2291) model to a larger class of models and use a
power-based model comparison procedure to select the best model. Despite
significant interest in exoplanets, previous efforts have not performed large-
scale stellar activity model selection or attempted to evaluate models based
on planet detection power. In the case of main sequence G2V stars, we find
that our method substantially improves planet detection power, compared to
previous state-of-the-art approaches.
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Exploratory cancer drug studies test multiple tumor cell lines against
multiple candidate drugs. The goal in each paired (cell line, drug) experi-
ment is to map out the dose-response curve of the cell line as the dose level
of the drug increases. We propose Bayesian tensor filtering (BTF), a hier-
archical Bayesian model for dose-response modeling in multisample, mul-
titreatment cancer drug studies. BTF uses low-dimensional embeddings to
share statistical strength between similar drugs and similar cell lines. Struc-
tured shrinkage priors in BTF encourage smoothness in the dose-response
curves while remaining adaptive to sharp jumps when the data call for it.
We focus on a pair of cancer drug studies exhibiting a particular pathol-
ogy in their experimental design, leading us to a nonconjugate monotone
mixture-of-gammas likelihood. To perform posterior inference, we develop a
variant of the elliptical slice sampling algorithm for sampling from linearly-
constrained multivariate normal priors with nonconjugate likelihoods. In
benchmarks, BTF outperforms state-of-the-art methods for covariance re-
gression and dynamic Poisson matrix factorization. On the two cancer drug
studies, BTF outperforms the current standard approach in biology and re-
veals potential new biomarkers of drug sensitivity in cancer. Code is available
at https://github.com/tansey/functionalmf.
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Replication studies are increasingly conducted in order to confirm origi-
nal findings. However, there is no established standard how to assess replica-
tion success, and, in practice, many different approaches are used. The pur-
pose of this paper is to refine and extend a recently proposed reverse-Bayes
approach for the analysis of replication studies. We show how this method
is directly related to the relative effect size, the ratio of the replication to
the original effect estimate. This perspective leads to a new proposal to re-
calibrate the assessment of replication success, the golden level. The recal-
ibration ensures that, for borderline significant original studies, replication
success can only be achieved if the replication effect estimate is larger than
the original one. Conditional power for replication success can then take any
desired value if the original study is significant and the replication sample
size is large enough. Compared to the standard approach to require statistical
significance of both the original and replication study, replication success at
the golden level offers uniform gains in project power and controls the type-I
error rate if the replication sample size is not smaller than the original one.
An application to data from four large replication projects shows that the new
approach leads to more appropriate inferences, as it penalizes shrinkage of
the replication estimate, compared to the original one, while ensuring that
both effect estimates are sufficiently convincing on their own.
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BY MARTIN TVETEN1,a, IDRIS A. ECKLEY2,b AND PAUL FEARNHEAD2,c

1Department of Mathematics, University of Oslo, atveten@nr.no
2Mathematics and Statistics, Lancaster University, bi.eckley@lancaster.ac.uk, cp.fearnhead@lancaster.ac.uk

Motivated by a condition monitoring application arising from subsea en-
gineering, we derive a novel, scalable approach to detecting anomalous mean
structure in a subset of correlated multivariate time series. Given the need
to analyse such series efficiently, we explore a computationally efficient ap-
proximation of the maximum likelihood solution to the resulting modelling
framework and develop a new dynamic programming algorithm for solving
the resulting binary quadratic programme when the precision matrix of the
time series at any given time point is banded. Through a comprehensive simu-
lation study we show that the resulting methods perform favorably compared
to competing methods, both in the anomaly and change detection settings,
even when the sparsity structure of the precision matrix estimate is misspeci-
fied. We also demonstrate its ability to correctly detect faulty time periods of
a pump within the motivating application.

REFERENCES

BARDWELL, L., FEARNHEAD, P., ECKLEY, I. A., SMITH, S. and SPOTT, M. (2019). Most recent change-
point detection in panel data. Technometrics 61 88–98. MR3933661 https://doi.org/10.1080/00401706.2018.
1438926

BHATTACHARJEE, M., BANERJEE, M. and MICHAILIDIS, G. (2019). Change point estimation in panel data with
temporal and cross-sectional dependence. Preprint. Available at arXiv:1904.11101.

BLEAKLEY, K. and VERT, J.-P. (2011). The group fused Lasso for multiple change-point detection. Preprint.
Available at arXiv:1106.4199.

CHO, H. (2016). Change-point detection in panel data via double CUSUM statistic. Electron. J. Stat. 10 2000–
2038. MR3522667 https://doi.org/10.1214/16-EJS1155

CHO, H. and FRYZLEWICZ, P. (2015). Multiple-change-point detection for high dimensional time series via spar-
sified binary segmentation. J. R. Stat. Soc. Ser. B. Stat. Methodol. 77 475–507. MR3310536 https://doi.org/10.
1111/rssb.12079

CUTHILL, E. and MCKEE, J. (1969). Reducing the bandwidth of sparse symmetric matrices. In Proceedings of
the 1969 24th National Conference. ACM ’69 157–172. Association for Computing Machinery, New York,
NY, USA. https://doi.org/10.1145/800195.805928

EGUSQUIZA, E., VALERO, C., VALENTIN, D., PRESAS, A. and RODRIGUEZ, C. G. (2015). Condition moni-
toring of pump-turbines. New challenges. Measurement 67 151–163. https://doi.org/10.1016/j.measurement.
2015.01.004

FEARNHEAD, P. and RIGAILL, G. (2019). Changepoint detection in the presence of outliers. J. Amer. Statist.
Assoc. 114 169–183. MR3941246 https://doi.org/10.1080/01621459.2017.1385466

FISCH, A. T. M., BARDWELL, L. and ECKLEY, I. A. (2020). Real time anomaly detection and categorisation.
Preprint. Available at arXiv:2009.06670.

FISCH, A. T. M., ECKLEY, I. A. and FEARNHEAD, P. (2021a). A linear time method for the detection of point
and collective anomalies. Stat. Anal. Data Min. To appear. Available at arXiv:1806.01947.

FISCH, A. T. M., ECKLEY, I. A. and FEARNHEAD, P. (2021b). Subset multivariate collective and point anomaly
detection. J. Comput. Graph. Statist. 1–31. https://doi.org/10.1080/10618600.2021.1987257

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2008). Sparse inverse covariance estimation with the graphical
lasso. Biostatistics 9 432–441. https://doi.org/10.1093/biostatistics/kxm045

Key words and phrases. Anomaly, binary quadratic programme, change points, cross-correlation, outliers.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1508
http://www.imstat.org
mailto:tveten@nr.no
mailto:i.eckley@lancaster.ac.uk
mailto:p.fearnhead@lancaster.ac.uk
http://www.ams.org/mathscinet-getitem?mr=3933661
https://doi.org/10.1080/00401706.2018.1438926
http://arxiv.org/abs/arXiv:1904.11101
http://arxiv.org/abs/arXiv:1106.4199
http://www.ams.org/mathscinet-getitem?mr=3522667
https://doi.org/10.1214/16-EJS1155
http://www.ams.org/mathscinet-getitem?mr=3310536
https://doi.org/10.1111/rssb.12079
https://doi.org/10.1145/800195.805928
https://doi.org/10.1016/j.measurement.2015.01.004
http://www.ams.org/mathscinet-getitem?mr=3941246
https://doi.org/10.1080/01621459.2017.1385466
http://arxiv.org/abs/arXiv:2009.06670
http://arxiv.org/abs/arXiv:1806.01947
https://doi.org/10.1080/10618600.2021.1987257
https://doi.org/10.1093/biostatistics/kxm045
https://doi.org/10.1080/00401706.2018.1438926
https://doi.org/10.1111/rssb.12079
https://doi.org/10.1016/j.measurement.2015.01.004


FRYZLEWICZ, P. (2014). Wild binary segmentation for multiple change-point detection. Ann. Statist. 42 2243–
2281. MR3269979 https://doi.org/10.1214/14-AOS1245

GAREY, M. R. and JOHNSON, D. S. (1979). Computers and Intractability: A Guide to the Theory of NP-
Completeness. W. H. Freeman and Co., San Francisco, CA. MR0519066

HENRIQUEZ, P., ALONSO, J. B., FERRER, M. A. and TRAVIESO, C. M. (2014). Review of automatic fault
diagnosis systems using audio and vibration signals. IEEE Trans. Syst. Man Cybern. Syst. 44 642–652.
https://doi.org/10.1109/TSMCC.2013.2257752

HORVÁTH, L. and HUŠKOVÁ, M. (2012). Change-point detection in panel data. J. Time Series Anal. 33 631–648.
MR2944843 https://doi.org/10.1111/j.1467-9892.2012.00796.x

HUBERT, L. and ARABIE, P. (1985). Comparing partitions. J. Classification 2 193–218. https://doi.org/10.1007/
BF01908075

JENG, X. J., CAI, T. T. and LI, H. (2013). Simultaneous discovery of rare and common segment variants.
Biometrika 100 157–172. MR3034330 https://doi.org/10.1093/biomet/ass059

JIRAK, M. (2015). Uniform change point tests in high dimension. Ann. Statist. 43 2451–2483. MR3405600
https://doi.org/10.1214/15-AOS1347

KILLICK, R., FEARNHEAD, P. and ECKLEY, I. A. (2012). Optimal detection of changepoints with a linear
computational cost. J. Amer. Statist. Assoc. 107 1590–1598. MR3036418 https://doi.org/10.1080/01621459.
2012.737745

KIRCH, C., MUHSAL, B. and OMBAO, H. (2015). Detection of changes in multivariate time series with appli-
cation to EEG data. J. Amer. Statist. Assoc. 110 1197–1216. MR3420695 https://doi.org/10.1080/01621459.
2014.957545

KLANDERMAN, M. C., NEWHART, K. B., CATH, T. Y. and HERING, A. S. (2020). Fault isolation for a complex
decentralized waste water treatment facility. J. R. Stat. Soc. Ser. C. Appl. Stat. 69 931–951. MR4133153
https://doi.org/10.1111/rssc.12429

KOVÁCS, S., LI, H., BÜHLMANN, P. and MUNK, A. (2020). Seeded binary segmentation: A general methodol-
ogy for fast and optimal change point detection. Preprint. Available at arXiv:2002.06633.

LEWIS, J. G. (1982). Algorithm 582: The Gibbs–Poole–Stockmeyer and Gibbs–King algorithms for reordering
sparse matrices. ACM Trans. Math. Software 8 190–194. https://doi.org/10.1145/355993.355999

LI, J., XU, M., ZHONG, P.-S. and LI, L. (2019). Change point detection in the mean of high-dimensional time
series data under dependence. Preprint. Available at arXiv:1903.07006.

LIU, H., GAO, C. and SAMWORTH, R. J. (2021). Minimax rates in sparse, high-dimensional change point detec-
tion. Ann. Statist. 49 1081–1112. MR4255120 https://doi.org/10.1214/20-aos1994

ÖLLERER, V. and CROUX, C. (2015). Robust high-dimensional precision matrix estimation. In Modern Nonpara-
metric, Robust and Multivariate Methods (K. Nordhausen and S. Taskinen, eds.) 325–350. Springer, Cham.
MR3444335

SAFIKHANI, A. and SHOJAIE, A. (2020). Joint structural break detection and parameter estimation in high-
dimensional nonstationary VAR models. J. Amer. Statist. Assoc. https://doi.org/10.1080/01621459.2020.
1770097

SUSTIK, M. A. and CALDERHEAD, B. (2012). GLASSOFAST: An efficient GLASSO implementation. UTCS
Technical Report TR-12-29.

TCHAKOUA, P., WAMKEUE, R., OUHROUCHE, M., SLAOUI-HASNAOUI, F., TAMEGHE, T. A. and EKEMB, G.
(2014). Wind turbine condition monitoring: State-of-the-art review, new trends, and future challenges. Energies
7 2595–2630. https://doi.org/10.3390/en7042595

TVETEN, M., ECKLEY, I. A. and FEARNHEAD, P. (2022). Supplement to “Scalable change-point and anomaly
detection in cross-correlated data with an application to condition monitoring.” https://doi.org/10.1214/
21-AOAS1508SUPPA, https://doi.org/10.1214/21-AOAS1508SUPPB

VER HOEF, J. M., HANKS, E. M. and HOOTEN, M. B. (2018). On the relationship between conditional (CAR)
and simultaneous (SAR) autoregressive models. Spat. Stat. 25 68–85. MR3809256 https://doi.org/10.1016/j.
spasta.2018.04.006

WANG, T. and SAMWORTH, R. J. (2018). High dimensional change point estimation via sparse projection. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 80 57–83. MR3744712 https://doi.org/10.1111/rssb.12243

WANG, D., YU, Y., RINALDO, A. and WILLETT, R. (2020). Localizing changes in high-dimensional vector
autoregressive processes. Preprint. Available at arXiv:1909.06359.

WESTERLUND, J. (2019). Common breaks in means for cross-correlated fixed-T panel data. J. Time Series Anal.
40 248–255. MR3915529 https://doi.org/10.1111/jtsa.12407

XIE, Y. and SIEGMUND, D. (2013). Sequential multi-sensor change-point detection. Ann. Statist. 41 670–692.
MR3099117 https://doi.org/10.1214/13-AOS1094

http://www.ams.org/mathscinet-getitem?mr=3269979
https://doi.org/10.1214/14-AOS1245
http://www.ams.org/mathscinet-getitem?mr=0519066
https://doi.org/10.1109/TSMCC.2013.2257752
http://www.ams.org/mathscinet-getitem?mr=2944843
https://doi.org/10.1111/j.1467-9892.2012.00796.x
https://doi.org/10.1007/BF01908075
http://www.ams.org/mathscinet-getitem?mr=3034330
https://doi.org/10.1093/biomet/ass059
http://www.ams.org/mathscinet-getitem?mr=3405600
https://doi.org/10.1214/15-AOS1347
http://www.ams.org/mathscinet-getitem?mr=3036418
https://doi.org/10.1080/01621459.2012.737745
http://www.ams.org/mathscinet-getitem?mr=3420695
https://doi.org/10.1080/01621459.2014.957545
http://www.ams.org/mathscinet-getitem?mr=4133153
https://doi.org/10.1111/rssc.12429
http://arxiv.org/abs/arXiv:2002.06633
https://doi.org/10.1145/355993.355999
http://arxiv.org/abs/arXiv:1903.07006
http://www.ams.org/mathscinet-getitem?mr=4255120
https://doi.org/10.1214/20-aos1994
http://www.ams.org/mathscinet-getitem?mr=3444335
https://doi.org/10.1080/01621459.2020.1770097
https://doi.org/10.3390/en7042595
https://doi.org/10.1214/21-AOAS1508SUPPA
https://doi.org/10.1214/21-AOAS1508SUPPB
http://www.ams.org/mathscinet-getitem?mr=3809256
https://doi.org/10.1016/j.spasta.2018.04.006
http://www.ams.org/mathscinet-getitem?mr=3744712
https://doi.org/10.1111/rssb.12243
http://arxiv.org/abs/arXiv:1909.06359
http://www.ams.org/mathscinet-getitem?mr=3915529
https://doi.org/10.1111/jtsa.12407
http://www.ams.org/mathscinet-getitem?mr=3099117
https://doi.org/10.1214/13-AOS1094
https://doi.org/10.1007/BF01908075
https://doi.org/10.1080/01621459.2012.737745
https://doi.org/10.1080/01621459.2014.957545
https://doi.org/10.1080/01621459.2020.1770097
https://doi.org/10.1214/21-AOAS1508SUPPA
https://doi.org/10.1016/j.spasta.2018.04.006


The Annals of Applied Statistics
2022, Vol. 16, No. 2, 744–764
https://doi.org/10.1214/21-AOAS1512
© Institute of Mathematical Statistics, 2022

ADAPTIVE DESIGN FOR GAUSSIAN PROCESS REGRESSION UNDER
CENSORING

BY JIALEI CHEN1,a, SIMON MAK2,d, V. ROSHAN JOSEPH1,b AND CHUCK ZHANG1,c

1H. Milton Stewart School of Industrial & Systems Engineering Georgia Institute of Technology, ajialei.chen@gatech.edu,
broshan@gatech.edu, cchuck.zhang@gatech.edu

2Department of Statistical Science, Duke University, dsm769@duke.edu

A key objective in engineering problems is to predict an unknown exper-
imental surface over an input domain. In complex physical experiments this
may be hampered by response censoring which results in a significant loss of
information. For such problems, experimental design is paramount for max-
imizing predictive power using a small number of expensive experimental
runs. To tackle this, we propose a novel adaptive design method, called the in-
tegrated censored mean-squared error (ICMSE) method. The ICMSE method
first estimates the posterior probability of a new observation being censored,
then adaptively chooses design points that minimize predictive uncertainty
under censoring. Adopting a Gaussian process regression model with prod-
uct correlation function, the proposed ICMSE criterion is easy to evaluate
which allows for efficient design optimization. We demonstrate the effective-
ness of the ICMSE design in two real-world applications on surgical planning
and wafer manufacturing.
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Psychiatric studies of suicide provide fundamental insights on the evo-
lution of severe psychopathologies, and contribute to the development of
early treatment interventions. Our focus is on modelling different traits of
psychosis and their interconnections, focusing on a case study on suicide at-
tempt survivors. Such aspects are recorded via multivariate categorical data,
involving a large numbers of items for multiple subjects. Current methods for
multivariate categorical data—such as penalized log-linear models and latent
structure analysis—are either limited to low-dimensional settings or include
parameters with difficult interpretation. Motivated by this application, this ar-
ticle proposes a new class of approaches, which we refer to as Mixture of Log
Linear models (MILLS). Combining latent class analysis and log-linear mod-
els, MILLS defines a novel Bayesian approach to model complex multivariate
categorical data with flexibility and interpretability, providing interesting in-
sights on the relationship between psychotic diseases and psychological as-
pects in suicide attempt survivors.

REFERENCES

AGRESTI, A. (2002). Categorical Data Analysis, 2nd ed. Wiley Series in Probability and Statistics. Wiley, New
York. MR1914507 https://doi.org/10.1002/0471249688

AIROLDI, E. M., BLEI, D., EROSHEVA, E. A. and FIENBERG, S. E. (2014). Handbook of Mixed Membership
Models and Their Applications. CRC press.

ANDERSEN, E. B. (1982). Latent structure analysis: A survey. Scand. J. Stat. 9 1–12. MR0651855
BERGSMA, W. P. and RUDAS, T. (2002). Marginal models for categorical data. Ann. Statist. 30 140–159.

MR1892659 https://doi.org/10.1214/aos/1015362188
BHATTACHARYA, A. and DUNSON, D. B. (2012). Simplex factor models for multivariate unordered categorical

data. J. Amer. Statist. Assoc. 107 362–377. MR2949366 https://doi.org/10.1080/01621459.2011.646934
BRADLEY, J. R., HOLAN, S. H. and WIKLE, C. K. (2020). Bayesian hierarchical models with conjugate full-

conditional distributions for dependent data from the natural exponential family. J. Amer. Statist. Assoc. 115
2037–2052. MR4189775 https://doi.org/10.1080/01621459.2019.1677471

BRITTON, P. C., BOHNERT, A. S., WINES JR., J. D. and CONNER, K. R. (2012). A procedure that differentiates
unintentional from intentional overdose in opioid abusers. Addictive Behaviors 37 127–130.

CHANG, I. H. and MUKERJEE, R. (2006). Probability matching property of adjusted likelihoods. Statist. Probab.
Lett. 76 838–842. MR2266098 https://doi.org/10.1016/j.spl.2005.10.015

COX, D. R. and REID, N. (2004). A note on pseudolikelihood constructed from marginal densities. Biometrika
91 729–737. MR2090633 https://doi.org/10.1093/biomet/91.3.729

CUSI, A. M., MACQUEEN, G. M., SPRENG, R. N. and MCKINNON, M. C. (2011). Altered empathic respond-
ing in major depressive disorder: Relation to symptom severity, illness burden, and psychosocial outcome.
Psychiatry Res. 188 231–236.

DAVIS, M. H. (1980). A muntidimensional approach to individual differences in empathy. JSAS Catalogue of
Selected Documents in Psychology 10.

DEROGATIS, L. R., LIPMAN, R. S. and COVI, L. (1973). SCL-90: An outpatient psychiatric rating scale–
preliminary report. Psychopharmacol Bull. 9 13–28.

DE BEURS, D., FRIED, E. I., WETHERALL, K., CLEARE, S., O’CONNOR, D. B., FERGUSON, E.,
O’CARROLL, R. E. and O’CONNOR, R. C. (2019). Exploring the psychology of suicidal ideation: A the-
ory driven network analysis. Behaviour Research and Therapy 120 103419.

Key words and phrases. Psychiatric profiles, Bayesian modelling, categorical data, contingency table, log-
linear models, mixture model.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1515
http://www.imstat.org
mailto:emanuele.aliverti@unive.it
mailto:dunson@duke.edu
http://www.ams.org/mathscinet-getitem?mr=1914507
https://doi.org/10.1002/0471249688
http://www.ams.org/mathscinet-getitem?mr=0651855
http://www.ams.org/mathscinet-getitem?mr=1892659
https://doi.org/10.1214/aos/1015362188
http://www.ams.org/mathscinet-getitem?mr=2949366
https://doi.org/10.1080/01621459.2011.646934
http://www.ams.org/mathscinet-getitem?mr=4189775
https://doi.org/10.1080/01621459.2019.1677471
http://www.ams.org/mathscinet-getitem?mr=2266098
https://doi.org/10.1016/j.spl.2005.10.015
http://www.ams.org/mathscinet-getitem?mr=2090633
https://doi.org/10.1093/biomet/91.3.729


DE LEO, D., BURGIS, S., BERTOLOTE, J. M., KERKHOF, A. and BILLE-BRAHE, U. (2004). Definitions of
suicidal behaviour. Suicidal Behaviour: Theories and Research Findings 17–39.

DOBRA, A. and MASSAM, H. (2010). The mode oriented stochastic search (MOSS) algorithm for log-linear
models with conjugate priors. Stat. Methodol. 7 240–253. MR2643600 https://doi.org/10.1016/j.stamet.2009.
04.002

DOBRA, A. and MOHAMMADI, R. (2018). Loglinear model selection and human mobility. Ann. Appl. Stat. 12
815–845. MR3834287 https://doi.org/10.1214/18-AOAS1164

DUNSON, D. B. and XING, C. (2009). Nonparametric Bayes modeling of multivariate categorical data. J. Amer.
Statist. Assoc. 104 1042–1051. MR2562004 https://doi.org/10.1198/jasa.2009.tm08439

EFRON, B. (1993). Bayes and likelihood calculations from confidence intervals. Biometrika 80 3–26. MR1225211
https://doi.org/10.1093/biomet/80.1.3

EROSHEVA, E. A. (2005). Comparing latent structures of the grade of membership, Rasch, and latent class mod-
els. Psychometrika 70 619–628. MR2272507 https://doi.org/10.1007/s11336-001-0899-y

FERRARI, D., QIAN, G. and HUNTER, T. (2016). Parsimonious and efficient likelihood composition by
Gibbs sampling. J. Comput. Graph. Statist. 25 935–953. MR3533646 https://doi.org/10.1080/10618600.2015.
1058799

FIENBERG, S. E. and RINALDO, A. (2007). Three centuries of categorical data analysis: Log-linear models and
maximum likelihood estimation. J. Statist. Plann. Inference 137 3430–3445. MR2363267 https://doi.org/10.
1016/j.jspi.2007.03.022

FONTENELLE, L. F., SOARES, I. D., MIELE, F., BORGES, M. C., PRAZERES, A. M., RANGÉ, B. P. and
MOLL, J. (2009). Empathy and symptoms dimensions of patients with obsessive–compulsive disorder. J. Psy-
chiatr. Res. 43 455–463.

FRASER, D. A. S. and REID, N. (2020). Combining likelihood and significance functions. Statist. Sinica 30
1–15. MR4285482 https://doi.org/10.5705/ss.202016.0508

FRÜHWIRTH-SCHNATTER, S., CELEUX, G. and ROBERT, C. P., eds. (2019). Handbook of Mixture Analysis.
Chapman & Hall/CRC Handbooks of Modern Statistical Methods. CRC Press, Boca Raton, FL. MR3889980

GELMAN, A., CARLIN, J. B., STERN, H. S., DUNSON, D. B., VEHTARI, A. and RUBIN, D. B. (2014). Bayesian
Data Analysis, 3rd ed. Texts in Statistical Science Series. CRC Press, Boca Raton, FL. MR3235677

GEYER, C. J. and THOMPSON, E. A. (1992). Constrained Monte Carlo maximum likelihood for dependent data.
J. Roy. Statist. Soc. Ser. B 54 657–699. MR1185217

GILET, A.-L., MELLA, N., STUDER, J., GRÜHN, D. and LABOUVIE-VIEF, G. (2013). Assessing dispositional
empathy in adults: A French validation of the Interpersonal Reactivity Index (IRI). Canadian Journal of Be-
havioural Science/Revue Canadienne des Sciences du Comportement 45 42.

GOODFELLOW, B., KÕLVES, K. and DE LEO, D. (2019). Contemporary definitions of suicidal behavior: A sys-
tematic literature review. Suicide Life Threat. Behav/ 49 488–504. https://doi.org/10.1111/sltb.12457

GRECO, L., RACUGNO, W. and VENTURA, L. (2008). Robust likelihood functions in Bayesian inference.
J. Statist. Plann. Inference 138 1258–1270. MR2388009 https://doi.org/10.1016/j.jspi.2007.05.001

GUTTMAN, H. and LAPORTE, L. (2002). Alexithymia, empathy, and psychological symptoms in a family context.
Comprehensive Psychiatry 43 448–455.

HASTIE, T., TIBSHIRANI, R. and WAINWRIGHT, M. (2015). Statistical Learning with Sparsity: The Lasso
and Generalizations. Monographs on Statistics and Applied Probability 143. CRC Press, Boca Raton, FL.
MR3616141

HAWTON, K. and FAGG, J. (1988). Suicide, and other causes of death, following attempted suicide. Br. J. Psy-
chiatry 152 359–366.

HUANG, Z. and FERRARI, D. (2017). Fast construction of efficient composite likelihood equations. Preprint.
Available at arXiv:1709.03234.

ISHWARAN, H. and RAO, J. S. (2005). Spike and slab variable selection: Frequentist and Bayesian strategies.
Ann. Statist. 33 730–773. MR2163158 https://doi.org/10.1214/009053604000001147

JOHNDROW, J. and BHATTACHARYA, A. (2018). Optimal Gaussian approximations to the posterior for log-
linear models with Diaconis–Ylvisaker priors. Bayesian Anal. 13 201–223. MR3737949 https://doi.org/10.
1214/16-BA1046

JOHNDROW, J. E., BHATTACHARYA, A. and DUNSON, D. B. (2017). Tensor decompositions and sparse log-
linear models. Ann. Statist. 45 1–38. MR3611485 https://doi.org/10.1214/15-AOS1414

KELLEHER, I., HARLEY, M., MURTAGH, A. and CANNON, M. (2011). Are screening instruments valid for
psychotic-like experiences? A validation study of screening questions for psychotic-like experiences using
in-depth clinical interview. Schizophr. Bull. 37 362–369.

KOLDA, T. G. and BADER, B. W. (2009). Tensor decompositions and applications. SIAM Rev. 51 455–500.
MR2535056 https://doi.org/10.1137/07070111X

LADISICH, W. and FEIL, W. (1988). Empathy in psychiatric patients. British Journal of Medical Psychology 61
155–162.

http://www.ams.org/mathscinet-getitem?mr=2643600
https://doi.org/10.1016/j.stamet.2009.04.002
http://www.ams.org/mathscinet-getitem?mr=3834287
https://doi.org/10.1214/18-AOAS1164
http://www.ams.org/mathscinet-getitem?mr=2562004
https://doi.org/10.1198/jasa.2009.tm08439
http://www.ams.org/mathscinet-getitem?mr=1225211
https://doi.org/10.1093/biomet/80.1.3
http://www.ams.org/mathscinet-getitem?mr=2272507
https://doi.org/10.1007/s11336-001-0899-y
http://www.ams.org/mathscinet-getitem?mr=3533646
https://doi.org/10.1080/10618600.2015.1058799
http://www.ams.org/mathscinet-getitem?mr=2363267
https://doi.org/10.1016/j.jspi.2007.03.022
http://www.ams.org/mathscinet-getitem?mr=4285482
https://doi.org/10.5705/ss.202016.0508
http://www.ams.org/mathscinet-getitem?mr=3889980
http://www.ams.org/mathscinet-getitem?mr=3235677
http://www.ams.org/mathscinet-getitem?mr=1185217
https://doi.org/10.1111/sltb.12457
http://www.ams.org/mathscinet-getitem?mr=2388009
https://doi.org/10.1016/j.jspi.2007.05.001
http://www.ams.org/mathscinet-getitem?mr=3616141
http://arxiv.org/abs/arXiv:1709.03234
http://www.ams.org/mathscinet-getitem?mr=2163158
https://doi.org/10.1214/009053604000001147
http://www.ams.org/mathscinet-getitem?mr=3737949
https://doi.org/10.1214/16-BA1046
http://www.ams.org/mathscinet-getitem?mr=3611485
https://doi.org/10.1214/15-AOS1414
http://www.ams.org/mathscinet-getitem?mr=2535056
https://doi.org/10.1137/07070111X
https://doi.org/10.1016/j.stamet.2009.04.002
https://doi.org/10.1080/10618600.2015.1058799
https://doi.org/10.1016/j.jspi.2007.03.022
https://doi.org/10.1214/16-BA1046


LAURITZEN, S. L. (1996). Graphical Models. Oxford Statistical Science Series 17. The Clarendon Press, New
York. MR1419991

LAWLEY, D. N. (1943). On problems connected with item selection and test construction. Proc. Roy. Soc. Edin-
burgh Sect. A 61 273–287. MR0007966

LAZAR, N. A. (2003). Bayesian empirical likelihood. Biometrika 90 319–326. MR1986649 https://doi.org/10.
1093/biomet/90.2.319

LAZARSFELD, P. F. (1950). The logical and mathematical foundation of latent structure analysis. Studies in Social
Psychology in World War II Vol. IV: Measurement and Prediction 362–412.

LEGRAMANTI, S., DURANTE, D. and DUNSON, D. B. (2020). Bayesian cumulative shrinkage for infinite fac-
torizations. Biometrika 107 745–752. MR4138988 https://doi.org/10.1093/biomet/asaa008

LETAC, G. and MASSAM, H. (2012). Bayes factors and the geometry of discrete hierarchical loglinear models.
Ann. Statist. 40 861–890. MR2985936 https://doi.org/10.1214/12-AOS974

LINDSAY, B. G., YI, G. Y. and SUN, J. (2011). Issues and strategies in the selection of composite likelihoods.
Statist. Sinica 21 71–105. MR2796854

LUPPARELLI, M., MARCHETTI, G. M. and BERGSMA, W. P. (2009). Parameterizations and fitting of bi-
directed graph models to categorical data. Scand. J. Stat. 36 559–576. MR2549710 https://doi.org/10.1111/
j.1467-9469.2008.00638.x

MANRIQUE-VALLIER, D. (2014). Longitudinal mixed membership trajectory models for disability survey data.
Ann. Appl. Stat. 8 2268–2291. MR3292497 https://doi.org/10.1214/14-AOAS769

MARDIA, K. V., KENT, J. T., HUGHES, G. and TAYLOR, C. C. (2009). Maximum likelihood estimation using
composite likelihoods for closed exponential families. Biometrika 96 975–982. MR2767282 https://doi.org/10.
1093/biomet/asp056

MASSAM, H., LIU, J. and DOBRA, A. (2009). A conjugate prior for discrete hierarchical log-linear models. Ann.
Statist. 37 3431–3467. MR2549565 https://doi.org/10.1214/08-AOS669

MASSAM, H. and WANG, N. (2018). Local conditional and marginal approach to parameter estimation in discrete
graphical models. J. Multivariate Anal. 164 1–21. MR3738130 https://doi.org/10.1016/j.jmva.2017.10.003

MCCORMICK, L. M., BRUMM, M. C., BEADLE, J. N., PARADISO, S., YAMADA, T. and ANDREASEN, N.
(2012). Mirror neuron function, psychosis, and empathy in schizophrenia. Psychiatry Research. Neuroimaging
201 233–239.

MCHUGH, R. B. (1956). Efficient estimation and local identification in latent class analysis. Psychometrika 21
331–347. MR0082427 https://doi.org/10.1007/BF02296300

MENG, Z., WEI, D., WIESEL, A. and HERO III, A. (2013). Distributed learning of Gaussian graphical models
via marginal likelihoods. In Artificial Intelligence and Statistics 39–47.

MILLER, J. W. (2019). Asymptotic normality, concentration, and coverage of generalized posteriors. Preprint.
Available at arXiv:1907.09611.

NARDI, Y. and RINALDO, A. (2012). The log-linear group-lasso estimator and its asymptotic properties.
Bernoulli 18 945–974. MR2948908 https://doi.org/10.3150/11-BEJ364

NOCK, M. K., BORGES, G., BROMET, E. J., ALONSO, J., ANGERMEYER, M., BEAUTRAIS, A., BRUF-
FAERTS, R., CHIU, W. T., DE GIROLAMO, G. et al. (2008). Cross-national prevalence and risk factors for
suicidal ideation, plans and attempts. Br. J. Psychiatry 192 98–105.

PACE, L., SALVAN, A. and SARTORI, N. (2019). Efficient composite likelihood for a scalar parameter of interest.
Stat. 8 e222. MR3938285 https://doi.org/10.1002/sta4.222

PAULI, F., RACUGNO, W. and VENTURA, L. (2011). Bayesian composite marginal likelihoods. Statist. Sinica 21
149–164. MR2796857

PERRONE-MCGOVERN, K. M., OLIVEIRA-SILVA, P., SIMON-DACK, S., LEFDAHL-DAVIS, E., ADAMS, D.,
MCCONNELL, J., HOWELL, D., HESS, R., DAVIS, A. et al. (2014). Effects of empathy and conflict resolution
strategies on psychophysiological arousal and satisfaction in romantic relationships. Applied Psychophysiology
and Biofeedback 39 19–25.

POLSON, N. G., SCOTT, J. G. and WINDLE, J. (2013). Bayesian inference for logistic models using Pólya–
Gamma latent variables. J. Amer. Statist. Assoc. 108 1339–1349. MR3174712 https://doi.org/10.1080/
01621459.2013.829001

PRINZ, U., NUTZINGER, D. O., SCHULZ, H., PETERMANN, F., BRAUKHAUS, C. and ANDREAS, S. (2013).
Comparative psychometric analyses of the SCL-90-R and its short versions in patients with affective disorders.
BMC Psychiatry 13 104. https://doi.org/10.1186/1471-244X-13-104

PRUNAS, A., SARNO, I., PRETI, E., MADEDDU, F. and PERUGINI, M. (2012). Psychometric properties of the
Italian version of the scl-90-r: A study on a large community sample. European Psychiatry 27 591–597.

RAFTERY, A. E. (1985). A model for high-order Markov chains. J. Roy. Statist. Soc. Ser. B 47 528–539.
MR0844484

http://www.ams.org/mathscinet-getitem?mr=1419991
http://www.ams.org/mathscinet-getitem?mr=0007966
http://www.ams.org/mathscinet-getitem?mr=1986649
https://doi.org/10.1093/biomet/90.2.319
http://www.ams.org/mathscinet-getitem?mr=4138988
https://doi.org/10.1093/biomet/asaa008
http://www.ams.org/mathscinet-getitem?mr=2985936
https://doi.org/10.1214/12-AOS974
http://www.ams.org/mathscinet-getitem?mr=2796854
http://www.ams.org/mathscinet-getitem?mr=2549710
https://doi.org/10.1111/j.1467-9469.2008.00638.x
http://www.ams.org/mathscinet-getitem?mr=3292497
https://doi.org/10.1214/14-AOAS769
http://www.ams.org/mathscinet-getitem?mr=2767282
https://doi.org/10.1093/biomet/asp056
http://www.ams.org/mathscinet-getitem?mr=2549565
https://doi.org/10.1214/08-AOS669
http://www.ams.org/mathscinet-getitem?mr=3738130
https://doi.org/10.1016/j.jmva.2017.10.003
http://www.ams.org/mathscinet-getitem?mr=0082427
https://doi.org/10.1007/BF02296300
http://arxiv.org/abs/arXiv:1907.09611
http://www.ams.org/mathscinet-getitem?mr=2948908
https://doi.org/10.3150/11-BEJ364
http://www.ams.org/mathscinet-getitem?mr=3938285
https://doi.org/10.1002/sta4.222
http://www.ams.org/mathscinet-getitem?mr=2796857
http://www.ams.org/mathscinet-getitem?mr=3174712
https://doi.org/10.1080/01621459.2013.829001
https://doi.org/10.1186/1471-244X-13-104
http://www.ams.org/mathscinet-getitem?mr=0844484
https://doi.org/10.1093/biomet/90.2.319
https://doi.org/10.1111/j.1467-9469.2008.00638.x
https://doi.org/10.1093/biomet/asp056
https://doi.org/10.1080/01621459.2013.829001


RAFTERY, A. E., MADIGAN, D. and VOLINSKY, C. T. (1996). Accounting for model uncertainty in survival
analysis improves predictive performance. In Bayesian Statistics, 5 (Alicante, 1994). Oxford Sci. Publ. 323–
349. Oxford Univ. Press, New York. MR1425413

RAVIKUMAR, P., WAINWRIGHT, M. J. and LAFFERTY, J. D. (2010). High-dimensional Ising model selection
using �1-regularized logistic regression. Ann. Statist. 38 1287–1319. MR2662343 https://doi.org/10.1214/
09-AOS691

RIBATET, M., COOLEY, D. and DAVISON, A. C. (2012). Bayesian inference from composite likelihoods, with
an application to spatial extremes. Statist. Sinica 22 813–845. MR2954363

ROUSSEAU, J. and MENGERSEN, K. (2011). Asymptotic behaviour of the posterior distribution in overfitted
mixture models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 73 689–710. MR2867454 https://doi.org/10.1111/j.
1467-9868.2011.00781.x

ROVERATO, A., LUPPARELLI, M. and LA ROCCA, L. (2013). Log-mean linear models for binary data.
Biometrika 100 485–494. MR3068448 https://doi.org/10.1093/biomet/ass080

RUSSO, M., DURANTE, D. and SCARPA, B. (2018). Bayesian inference on group differences in multivariate
categorical data. Comput. Statist. Data Anal. 126 136–149. MR3808395 https://doi.org/10.1016/j.csda.2018.
04.010

SCHREITER, S., PIJNENBORG, G. and AAN HET ROT, M. (2013). Empathy in adults with clinical or subclinical
depressive symptoms. J. Affective Disorders 150 1–16.

SCOCCO, P. and DE LEO, D. (2002). One-year prevalence of death thoughts, suicide ideation and behaviours in
an elderly population. International Journal of Geriatric Psychiatry 17 842–846.

SCOCCO, P., ALIVERTI, E., TOFFOL, E., ANDRETTA, G. and CAPIZZI, G. (2020). Empathy profiles differ by
gender in people who have and have not attempted suicide. Journal of Affective Disorders Reports 2 100024.

SNIJDERS, T. A. (2002). Markov chain Monte Carlo estimation of exponential random graph models. J. Soc.
Struct. 3 1–40.

VARIN, C., REID, N. and FIRTH, D. (2011). An overview of composite likelihood methods. Statist. Sinica 21
5–42. MR2796852

WANG, W., ZHOU, Y., WANG, J., XU, H., WEI, S., WANG, D., WANG, L. and ZHANG, X. (2020). Prevalence,
clinical correlates of suicide attempt and its relationship with empathy in patients with schizophrenia. Progress
in Neuro-Psychopharmacology and Biological Psychiatry 109863.

ZHANG, K., SZANTO, K., CLARK, L. and DOMBROVSKI, A. Y. (2019). Behavioral empathy failures and suicidal
behavior. Behav. Res. Ther. 120 103329. https://doi.org/10.1016/j.brat.2018.10.019

http://www.ams.org/mathscinet-getitem?mr=1425413
http://www.ams.org/mathscinet-getitem?mr=2662343
https://doi.org/10.1214/09-AOS691
http://www.ams.org/mathscinet-getitem?mr=2954363
http://www.ams.org/mathscinet-getitem?mr=2867454
https://doi.org/10.1111/j.1467-9868.2011.00781.x
http://www.ams.org/mathscinet-getitem?mr=3068448
https://doi.org/10.1093/biomet/ass080
http://www.ams.org/mathscinet-getitem?mr=3808395
https://doi.org/10.1016/j.csda.2018.04.010
http://www.ams.org/mathscinet-getitem?mr=2796852
https://doi.org/10.1016/j.brat.2018.10.019
https://doi.org/10.1214/09-AOS691
https://doi.org/10.1111/j.1467-9868.2011.00781.x
https://doi.org/10.1016/j.csda.2018.04.010


The Annals of Applied Statistics
2022, Vol. 16, No. 2, 791–815
https://doi.org/10.1214/21-AOAS1519
© Institute of Mathematical Statistics, 2022

INHOMOGENEOUS SPATIO-TEMPORAL POINT PROCESSES ON LINEAR
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We analyse the spatio-temporal distribution of visitors’ stops by touris-
tic attractions in Palermo (Italy), using theory of stochastic point processes
living on linear networks. We first propose an inhomogeneous Poisson point
process model with a separable parametric spatio-temporal first-order inten-
sity. We account for the spatial interaction among points on the given net-
work, fitting a Gibbs point process model with mixed effects for the purely
spatial component. This allows us to study first-order and second-order prop-
erties of the point pattern, accounting both for the spatio-temporal clustering
and interaction and for the spatio-temporal scale at which they operate. Due
to the strong degree of clustering in the data, we then formulate a more com-
plex model, fitting a spatio-temporal log-Gaussian Cox process to the point
process on the linear network, addressing the problem of the choice of the
most appropriate distance metric.
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Delta smelt is an endangered fish species in the San Francisco estuary
that have shown an overall population decline over the past 30 years. Re-
searchers have developed a stochastic, agent-based simulator to virtualize the
system with the goal of understanding the relative contribution of natural and
anthropogenic factors that might play a role in their decline. However, the
input configuration space is high dimensional, running the simulator is time-
consuming, and its noisy outputs change nonlinearly in both mean and vari-
ance. Getting enough runs to effectively learn input–output dynamics requires
both a nimble modeling strategy and parallel evaluation. Recent advances
in heteroskedastic Gaussian process (HetGP) surrogate modeling helps, but
little is known about how to appropriately plan experiments for highly dis-
tributed simulation. We propose a batch sequential design scheme, gener-
alizing one-at-a-time variance-based active learning for HetGP, as a means
of keeping multicore cluster nodes fully engaged with runs. Our acquisition
strategy is carefully engineered to favor selection of replicates which boost
statistical and computational efficiency when training surrogates to isolate
signal from noise. Design and modeling are illustrated on a range of toy ex-
amples before embarking on a large-scale smelt simulation campaign and
downstream high-fidelity input sensitivity analysis.

REFERENCES

ANKENMAN, B., NELSON, B. L. and STAUM, J. (2010). Stochastic kriging for simulation metamodeling. Oper.
Res. 58 371–382. MR2674803 https://doi.org/10.1287/opre.1090.0754

BAKER, E., BARBILLON, P., FADIKAR, A., GRAMACY, R. B., HERBEI, R., HIGDON, D., HUANG, J., JOHN-
SON, L. R., MA, P. et al. (2020). Stochastic simulators: An overview with opportunities.

BARBIERI, M. M. and BERGER, J. O. (2004). Optimal predictive model selection. Ann. Statist. 32 870–897.
MR2065192 https://doi.org/10.1214/009053604000000238

BARNETT, S. (1979). Matrix Methods for Engineers and Scientists. McGraw-Hill.
BAXTER, R., BROWN, L. R., CASTILLO, G., CONRAD, L., CULBERSON, S. D., DEKAR, M. P., DEKAR, M.,

FEYRER, F., HUNT, T. et al. (2015). An updated conceptual model of Delta Smelt biology: Our evolving
understanding of an estuarine fish. Technical Report, Interagency Ecological Program, California Department
of Water Resources.

BENGTSSON, H. (2018). R.matlab: Read and write MAT files and call MATLAB from within R. R package
version 3.6.2.

BINOIS, M., GRAMACY, R. B. and LUDKOVSKI, M. (2018). Practical heteroscedastic Gaussian process model-
ing for large simulation experiments. J. Comput. Graph. Statist. 27 808–821. MR3890872 https://doi.org/10.
1080/10618600.2018.1458625

BINOIS, M., HUANG, J., GRAMACY, R. B. and LUDKOVSKI, M. (2019). Replication or exploration? Sequential
design for stochastic simulation experiments. Technometrics 61 7–23. MR3933655 https://doi.org/10.1080/
00401706.2018.1469433

BISSET, K. R., CHEN, J., FENG, X., KUMAR, V. A. and MARATHE, M. V. (2009). EpiFast: A fast algorithm
for large scale realistic epidemic simulations on distributed memory systems. In Proceedings of the 23rd
International Conference on Supercomputing 430–439.

Key words and phrases. Gaussian process surrogate modeling, agent-based model, active learning, input-
dependent noise, replication, sensitivity analysis.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1521
http://www.imstat.org
mailto:boya66@vt.edu
mailto:rbg@vt.edu
mailto:lrjohn@vt.edu
mailto:epsmith@vt.edu
mailto:krose@umces.edu
http://www.ams.org/mathscinet-getitem?mr=2674803
https://doi.org/10.1287/opre.1090.0754
http://www.ams.org/mathscinet-getitem?mr=2065192
https://doi.org/10.1214/009053604000000238
http://www.ams.org/mathscinet-getitem?mr=3890872
https://doi.org/10.1080/10618600.2018.1458625
http://www.ams.org/mathscinet-getitem?mr=3933655
https://doi.org/10.1080/00401706.2018.1469433
https://doi.org/10.1080/10618600.2018.1458625
https://doi.org/10.1080/00401706.2018.1469433


BYRD, R. H., LU, P., NOCEDAL, J. and ZHU, C. Y. (1995). A limited memory algorithm for bound constrained
optimization. SIAM J. Sci. Comput. 16 1190–1208. MR1346301 https://doi.org/10.1137/0916069

CARNELL, R. (2020). lhs: Latin hypercube samples. R package version 1.0.2.
CHEN, J., MAK, S., JOSEPH, V. R. and ZHANG, C. (2019). Adaptive design for Gaussian process regression

under censoring. arXiv preprint arXiv:1910.05452.
CHEVALIER, C. (2013). Fast uncertainty reduction strategies relying on Gaussian process models. Ph.D. thesis,

Univ. Bern.
COLE, D. A., CHRISTIANSON, R. B. and GRAMACY, R. B. (2021). Locally induced Gaussian processes for

large-scale simulation experiments. Stat. Comput. 31 Paper No. 33, 21. MR4244945 https://doi.org/10.1007/
s11222-021-10007-9

DUAN, W., ANKENMAN, B. E., SANCHEZ, S. M. and SANCHEZ, P. J. (2017). Sliced full factorial-based
Latin hypercube designs as a framework for a batch sequential design algorithm. Technometrics 59 11–22.
MR3604185 https://doi.org/10.1080/00401706.2015.1108233

ERICKSON, C. B., ANKENMAN, B. E., PLUMLEE, M. and SANCHEZ, S. M. (2018). Gradient based criteria for
sequential design. In 2018 Winter Simulation Conference (WSC) 467–478.

FADIKAR, A., HIGDON, D., CHEN, J., LEWIS, B., VENKATRAMANAN, S. and MARATHE, M. (2018). Cali-
brating a stochastic, agent-based model using quantile-based emulation. SIAM/ASA J. Uncertain. Quantificat.
6 1685–1706. MR3890793 https://doi.org/10.1137/17M1161233

FARAH, M., BIRRELL, P., CONTI, S. and DE ANGELIS, D. (2014). Bayesian emulation and calibration of
a dynamic epidemic model for A/H1N1 influenza. J. Amer. Statist. Assoc. 109 1398–1411. MR3293599
https://doi.org/10.1080/01621459.2014.934453

GINSBOURGER, D. and LE RICHE, R. (2010). Towards Gaussian process-based optimization with finite time
horizon. In MODa 9–Advances in Model-Oriented Design and Analysis 89–96. Springer.

GINSBOURGER, D., LE RICHE, R. and CARRARO, L. (2010). Kriging is well-suited to parallelize optimization.
In Computational Intelligence in Expensive Optimization Problems 131–162. Springer.

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

GRAMACY, R. B. (2007). tgp: An R package for Bayesian nonstationary, semiparametric nonlinear regression
and design by treed Gaussian process models. J. Stat. Softw. 19 1–46.

GRAMACY, R. B. (2020). Surrogates—Gaussian Process Modeling, Design, and Optimization for the Applied
Sciences. Chapman & Hall/CRC Texts in Statistical Science Series. CRC Press, Boca Raton, FL. MR4283556

GRAMACY, R. B. and LEE, H. K. H. (2009). Adaptive design and analysis of supercomputer experiments.
Technometrics 51 130–145. MR2668170 https://doi.org/10.1198/TECH.2009.0015

GRAMACY, R. B. and POLSON, N. G. (2011). Particle learning of Gaussian process models for sequential
design and optimization. J. Comput. Graph. Statist. 20 102–118. Supplementary material available online.
MR2816540 https://doi.org/10.1198/jcgs.2010.09171

GRAMACY, R. B. and TADDY, M. (2010). Categorical inputs, sensitivity analysis, optimization and importance
tempering with tgp version 2, an R package for treed Gaussian process models. J. Stat. Softw. 33 1–48.

HAMILTON, S. and MURPHY, D. (2018). Analysis of limiting factors across the life cycle of delta smelt (Hy-
pomesus transpacificus). Environ. Manag. 62. https://doi.org/10.1007/s00267-018-1014-9

HONG, L. J. and NELSON, B. L. (2006). Discrete optimization via simulation using COMPASS. Oper. Res. 54
115–129.

JOHNSON, L. R. (2008). Microcolony and biofilm formation as a survival strategy for bacteria. J. Theoret. Biol.
251 24–34. MR2945045 https://doi.org/10.1016/j.jtbi.2007.10.039

JOHNSON, M. E., MOORE, L. M. and YLVISAKER, D. (1990). Minimax and maximin distance designs. J. Statist.
Plann. Inference 26 131–148. MR1079258 https://doi.org/10.1016/0378-3758(90)90122-B

JONES, D. R., SCHONLAU, M. and WELCH, W. J. (1998). Efficient global optimization of expensive black-box
functions. J. Global Optim. 13 455–492. MR1673460 https://doi.org/10.1023/A:1008306431147

KENNEDY, J. and EBERHART, R. (1995). Particle swarm optimization. In Proceedings of ICNN’95—
International Conference on Neural Networks 4 1942–1948.

KENNEDY, M. C. and O’HAGAN, A. (2001). Bayesian calibration of computer models. J. R. Stat. Soc. Ser. B.
Stat. Methodol. 63 425–464. MR1858398 https://doi.org/10.1111/1467-9868.00294

KIMMERER, W. and ROSE, K. (2018). Individual-based modeling of delta smelt population dynamics in the
upper San Francisco estuary III. Effects of entrainment mortality and changes in prey. Trans. Am. Fish. Soc.
147 223–243. https://doi.org/10.1002/tafs.10015

LEATHERMAN, E. R., SANTNER, T. J. and DEAN, A. M. (2018). Computer experiment designs for accurate
prediction. Stat. Comput. 28 739–751. MR3766041 https://doi.org/10.1007/s11222-017-9760-8

LI, Y. and DENG, X. (2021). An efficient algorithm for elastic I-optimal design of generalized linear models.
Canad. J. Statist. 49 438–470. MR4267928 https://doi.org/10.1002/cjs.11571

http://www.ams.org/mathscinet-getitem?mr=1346301
https://doi.org/10.1137/0916069
http://arxiv.org/abs/arXiv:1910.05452
http://www.ams.org/mathscinet-getitem?mr=4244945
https://doi.org/10.1007/s11222-021-10007-9
http://www.ams.org/mathscinet-getitem?mr=3604185
https://doi.org/10.1080/00401706.2015.1108233
http://www.ams.org/mathscinet-getitem?mr=3890793
https://doi.org/10.1137/17M1161233
http://www.ams.org/mathscinet-getitem?mr=3293599
https://doi.org/10.1080/01621459.2014.934453
http://www.ams.org/mathscinet-getitem?mr=2345548
https://doi.org/10.1198/016214506000001437
http://www.ams.org/mathscinet-getitem?mr=4283556
http://www.ams.org/mathscinet-getitem?mr=2668170
https://doi.org/10.1198/TECH.2009.0015
http://www.ams.org/mathscinet-getitem?mr=2816540
https://doi.org/10.1198/jcgs.2010.09171
https://doi.org/10.1007/s00267-018-1014-9
http://www.ams.org/mathscinet-getitem?mr=2945045
https://doi.org/10.1016/j.jtbi.2007.10.039
http://www.ams.org/mathscinet-getitem?mr=1079258
https://doi.org/10.1016/0378-3758(90)90122-B
http://www.ams.org/mathscinet-getitem?mr=1673460
https://doi.org/10.1023/A:1008306431147
http://www.ams.org/mathscinet-getitem?mr=1858398
https://doi.org/10.1111/1467-9868.00294
https://doi.org/10.1002/tafs.10015
http://www.ams.org/mathscinet-getitem?mr=3766041
https://doi.org/10.1007/s11222-017-9760-8
http://www.ams.org/mathscinet-getitem?mr=4267928
https://doi.org/10.1002/cjs.11571
https://doi.org/10.1007/s11222-021-10007-9


LOEPPKY, J. L., MOORE, L. M. and WILLIAMS, B. J. (2010). Batch sequential designs for computer experi-
ments. J. Statist. Plann. Inference 140 1452–1464. MR2592224 https://doi.org/10.1016/j.jspi.2009.12.004

LUND, J., HANAK, E., FLEENOR, W., BENNETT, W. and HOWITT, R. (2010). Comparing Futures for the
Sacramento, San Joaquin Delta 3. Univ of California Press.

LYU, X., BINOIS, M. and LUDKOVSKI, M. (2021). Evaluating Gaussian process metamodels and sequential
designs for noisy level set estimation. Stat. Comput. 31 Paper No. 43, 21. MR4266176 https://doi.org/10.1007/
s11222-021-10014-w

MACNALLY, R., THOMSON, J., KIMMERER, W., FEYRER, F., NEWMAN, K., SIH, A., BENNETT, W.,
BROWN, L., FLEISHMAN, E. et al. (2010). Analysis of pelagic species decline in the upper San Francisco
estuary using multivariate autoregressive modeling (MAR). Ecol. Appl. 20 1417–30. https://doi.org/10.1890/
09-1724.1

MARREL, A., IOOSS, B., LAURENT, B. and ROUSTANT, O. (2009). Calculations of Sobol indices for the Gaus-
sian process metamodel. Reliab. Eng. Syst. Saf. 94 742–751.

MAUNDER, M. and DERISO, R. (2011). A state-space multistage life cycle model to evaluate population impacts
in the presence of density dependence: Illustrated with application to delta smelt (hyposmesus transpacificus).
Can. J. Fish. Aquat. Sci. 68 1285–1306. https://doi.org/10.1139/f2011-071

MCKAY, M. D., BECKMAN, R. J. and CONOVER, W. J. (1979). A comparison of three methods for selecting val-
ues of input variables in the analysis of output from a computer code. Technometrics 21 239–245. MR0533252
https://doi.org/10.2307/1268522

MCKEAGUE, I. W., NICHOLLS, G., SPEER, K. and HERBEI, R. (2005). Statistical inversion of South At-
lantic circulation in an abyssal neutral density layer. J. Mar. Res. 63 683–704. https://doi.org/10.1357/
0022240054663240

MEBANE, W. and SEKHON, J. (2011). Genetic optimization using derivatives: The rgenoud package for R. J.
Stat. Softw. 42 1–26.

MILLER, W. J., MANLY, B. F., MURPHY, D. D., FULLERTON, D. and RAMEY, R. R. (2012). An investigation of
factors affecting the decline of delta smelt (Hypomesus transpacificus) in the Sacramento–San Joaquin estuary.
Reviews Fish. Sci. 20 1–19.

MORRIS, M. D. and MITCHELL, T. J. (1995). Exploratory designs for computational experiments. J. Statist.
Plann. Inference 43 381–402.

MOYLE, P. B., BROWN, L. R., DURAND, J. R. and HOBBS, J. A. (2016). Delta smelt: Life history and decline
of a once-abundant species in the San Francisco estuary. San Francisco Estuary and Watershed Science 14.

OAKLEY, J. E. and O’HAGAN, A. (2004). Probabilistic sensitivity analysis of complex models: A Bayesian ap-
proach. J. R. Stat. Soc. Ser. B. Stat. Methodol. 66 751–769. MR2088780 https://doi.org/10.1111/j.1467-9868.
2004.05304.x

ROSE, K. A., KIMMERER, W. J., EDWARDS, K. P. and BENNETT, W. A. (2013a). Individual-based modeling of
delta smelt population dynamics in the upper San Francisco estuary: I. model description and baseline results.
Trans. Am. Fish. Soc. 142 1238–1259. https://doi.org/10.1080/00028487.2013.799518

ROSE, K. A., KIMMERER, W. J., EDWARDS, K. P. and BENNETT, W. A. (2013b). Individual-based modeling of
delta smelt population dynamics in the upper San Francisco estuary: II. Alternative baselines and good versus
bad years. Trans. Am. Fish. Soc. 142 1260–1272. https://doi.org/10.1080/00028487.2013.799519

RUTTER, C. M., OZIK, J., DEYOREO, M. and COLLIER, N. (2019). Microsimulation model calibration us-
ing incremental mixture approximate Bayesian computation. Ann. Appl. Stat. 13 2189–2212. MR4037427
https://doi.org/10.1214/19-aoas1279

SACKS, J., WELCH, W. J., MITCHELL, T. J. and WYNN, H. P. (1989). Design and analysis of computer experi-
ments. Statist. Sci. 4 409–435. With comments and a rejoinder by the authors. MR1041765

SALTELLI, A., CHAN, K. and SCOTT, E. M., eds. (2000). Sensitivity Analysis. Wiley Series in Probability and
Statistics. Wiley, Chichester. MR1886391

SANTNER, T. J., WILLIAMS, B. J. and NOTZ, W. I. (2018). The Design and Analysis of Computer Experiments.
Springer Series in Statistics. Springer, New York. Second edition of [ MR2160708]. MR3887662

SEO, S., WALLAT, M., GRAEPEL, T. and OBERMAYER, K. (2000). Gaussian process regression: Active data
selection and test point rejection. In Proceedings of the International Joint Conference on Neural Networks III
241–246. IEEE.

STEIN, M. (2012). Interpolation of Spatial Data: Some Theory for Kriging. Springer Science & Business Media,
New York, NY. MR1697409 https://doi.org/10.1007/978-1-4612-1494-6

STOMPE, D. K., MOYLE, P. B., KRUGER, A. and DURAND, J. R. (2020). Comparing and integrating fish sur-
veys in the San Francisco estuary: Why diverse long-term monitoring programs are important. San Francisco
Estuary and Watershed Science 18.

TADDY, M. A., LEE, H. K. H., GRAY, G. A. and GRIFFIN, J. D. (2009). Bayesian guided pattern search for
robust local optimization. Technometrics 51 389–401. MR2756475 https://doi.org/10.1198/TECH.2009.08007

http://www.ams.org/mathscinet-getitem?mr=2592224
https://doi.org/10.1016/j.jspi.2009.12.004
http://www.ams.org/mathscinet-getitem?mr=4266176
https://doi.org/10.1007/s11222-021-10014-w
https://doi.org/10.1890/09-1724.1
https://doi.org/10.1139/f2011-071
http://www.ams.org/mathscinet-getitem?mr=0533252
https://doi.org/10.2307/1268522
https://doi.org/10.1357/0022240054663240
http://www.ams.org/mathscinet-getitem?mr=2088780
https://doi.org/10.1111/j.1467-9868.2004.05304.x
https://doi.org/10.1080/00028487.2013.799518
https://doi.org/10.1080/00028487.2013.799519
http://www.ams.org/mathscinet-getitem?mr=4037427
https://doi.org/10.1214/19-aoas1279
http://www.ams.org/mathscinet-getitem?mr=1041765
http://www.ams.org/mathscinet-getitem?mr=1886391
http://www.ams.org/mathscinet-getitem?mr=3887662
http://www.ams.org/mathscinet-getitem?mr=1697409
https://doi.org/10.1007/978-1-4612-1494-6
http://www.ams.org/mathscinet-getitem?mr=2756475
https://doi.org/10.1198/TECH.2009.08007
https://doi.org/10.1007/s11222-021-10014-w
https://doi.org/10.1890/09-1724.1
https://doi.org/10.1357/0022240054663240
https://doi.org/10.1111/j.1467-9868.2004.05304.x


THOMSON, J., KIMMERER, W., BROWN, L., NEWMAN, K., MAC NALLY, R., BENNETT, W., FEYRER, F. and
FLEISHMAN, E. (2010). Bayesian change point analysis of abundance trends for pelagic fishes in the upper
San Francisco estuary. Ecol. Appl. 20 1431–48. https://doi.org/10.1890/09-0998.1

WYCOFF, N., BINOIS, M. and WILD, S. M. (2019). Sequential learning of active subspaces.
XIE, J., FRAZIER, P. I., SANKARAN, S., MARSDEN, A. and ELMOHAMED, S. (2012). Optimization of com-

putationally expensive simulations with Gaussian processes and parameter uncertainty: Application to car-
diovascular surgery. In 2012 50th Annual Allerton Conference on Communication, Control, and Computing
(Allerton) 406–413. https://doi.org/10.1109/Allerton.2012.6483247

YU, H. (2002). Rmpi: Parallel statistical computing in R. R News 2 10–14.
ZHANG, B., GRAMACY, R. B., JOHNSON, L., ROSE, K. A. and SMITH, E. (2022). Supplement to “Batch-

sequential design and heteroskedastic surrogate modeling for delta smelt conservation.” https://doi.org/10.
1214/21-AOAS1521SUPP

https://doi.org/10.1890/09-0998.1
https://doi.org/10.1109/Allerton.2012.6483247
https://doi.org/10.1214/21-AOAS1521SUPP
https://doi.org/10.1214/21-AOAS1521SUPP


The Annals of Applied Statistics
2022, Vol. 16, No. 2, 843–865
https://doi.org/10.1214/21-AOAS1522
© Institute of Mathematical Statistics, 2022
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In the past decades the growing amount of network data lead to many
novel statistical models. In this paper we consider so-called geometric net-
works. Typical examples are road networks or other infrastructure networks.
Nevertheless, the neurons or the blood vessels in a human body can also be
interpreted as a geometric network embedded in a three-dimensional space.
A network-specific metric, rather than the Euclidean metric, is usually used
in all these applications, making the analyses of network data challenging.
We consider network-based point processes, and our task is to estimate the
intensity (or density) of the process which allows us to detect high- and low-
intensity regions of the underlying stochastic processes. Available routines
that tackle this problem are commonly based on kernel smoothing methods.
This paper uses penalized spline smoothing and extends this toward smooth
intensity estimation on geometric networks. Furthermore, our approach eas-
ily allows incorporating covariates, enabling us to respect the network geom-
etry in a regression model framework. Several data examples and a simulation
study show that penalized spline-based intensity estimation on geometric net-
works is a numerically stable and efficient tool. Furthermore, it also allows
estimating linear and smooth covariate effects, distinguishing our approach
from already existing methodologies.
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Genome-wide association studies (GWAS) have identified thousands of
single nucleotide polymorphisms (SNPs) that are associated with complex
traits. GWAS data allows us to investigate the shared genetic etiologies
among different traits. However, linkage disequilibrium (LD) between the
SNPs complicates the detection and identification of shared genetic effects.
In this paper we model the LD by dividing the genome into LD blocks and
linking the genetic variants within a block to a possible latent causal variant.
An eigenvector-projected score statistic that leverages the set of variants in
LD and a maxtype test statistic (Max-block) are proposed to detect the ex-
istence of cross-trait genetic association. The Max-block is easy to calculate
and is shown to control the genome-wide error rate. After the detection a step-
wise procedure is proposed to identify the significant blocks that explain the
genetic sharing between two traits. Simulation experiments show that Max-
block is more powerful than standard approaches in the sparse settings and is
robust to different signal strengths or levels of sparsity. The method is applied
to study shared cross-trait associations in 10 pediatric autoimmune diseases
and identified several regions that explain the genetic sharing between ju-
venile idiopathic arthritis (JIA) and ulcerative colitis (UC) and between UC
and Crohn’s disease (CD). In addition, our analysis also indicates the ge-
netic sharing in the MHC region among systemic lupus (SLE), celiac disease
(CEL) and common variable immunodeficiency (CVID). Results from real
data and simulation studies show that Max-block provides an important al-
ternative to commonly used genetic correlation estimation in understanding
genetic correlation among complex diseases.
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Statistical estimates from survey samples have traditionally been ob-
tained via design-based estimators. In many cases these estimators tend to
work well for quantities, such as population totals or means, but can fall short
as sample sizes become small. In today’s “information age,” there is a strong
demand for more granular estimates. To meet this demand, using a Bayesian
pseudolikelihood, we propose a computationally efficient unit-level model-
ing approach for non-Gaussian data collected under informative sampling de-
signs. Specifically, we focus on binary and multinomial data. Our approach
is both multivariate and multiscale, incorporating spatial dependence at the
area level. We illustrate our approach through an empirical simulation study
and through a motivating application to health insurance estimates, using the
American Community Survey.
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Extreme floods cause casualties and widespread damage to property and
vital civil infrastructure. Predictions of extreme floods, within gauged and
ungauged catchments, is crucial to mitigate these disasters. In this paper a
Bayesian framework is proposed for predicting extreme floods, using the
generalized extreme-value (GEV) distribution. A major methodological chal-
lenge is to find a suitable parametrization for the GEV distribution when
multiple covariates and/or latent spatial effects are involved and a time trend
is present. Other challenges involve balancing model complexity and parsi-
mony, using an appropriate model selection procedure and making inference
based on a reliable and computationally efficient approach. We here propose a
latent Gaussian modeling framework with a novel multivariate link function
designed to separate the interpretation of the parameters at the latent level
and to avoid unreasonable estimates of the shape and time trend parameters.
Structured additive regression models, which include catchment descriptors
as covariates and spatially correlated model components, are proposed for the
four parameters at the latent level. To achieve computational efficiency with
large datasets and richly parametrized models, we exploit a highly accurate
and fast approximate Bayesian inference approach which can also be used to
efficiently select models separately for each of the four regression models at
the latent level. We applied our proposed methodology to annual peak river
flow data from 554 catchments across the United Kingdom. The framework
performed well in terms of flood predictions for both ungauged catchments
and future observations at gauged catchments. The results show that the spa-
tial model components for the transformed location and scale parameters as
well as the time trend are all important, and none of these should be ignored.
Posterior estimates of the time trend parameters correspond to an average in-
crease of about 1.5% per decade with range 0.1% to 2.8% and reveal a spatial
structure across the United Kingdom. When the interest lies in estimating re-
turn levels for spatial aggregates, we further develop a novel copula-based
postprocessing approach of posterior predictive samples in order to mitigate
the effect of the conditional independence assumption at the data level, and
we demonstrate that our approach indeed provides accurate results.
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The distribution of lumber strength of any grade may evolve, for exam-
ple, due to climate change, forest fire, changes in processing methods, and
other factors. So, in North America the forest products industry monitors the
evolution of their means, percentiles, or other parameters to ensure the wood
products meet the industrial standard. For administrative convenience and in-
formativeness, one may adopt a rotating sampling plan by sampling 36 mills
in the initial occasion and having six of them replaced in each successive
occasion for the next five occasions. The strength data on a specified num-
ber, commonly 10 pieces of lumbers from each sampled mills, are obtained.
Under such rotating plans the observations on pieces from the same mill are
correlated, and the observations on samples from the same mill taken on dif-
ferent occasions are also correlated. Ignoring these correlations may lead to
invalid inference procedures. Yet accommodating a cluster structure in para-
metric models is difficult and entails a high level of misspecification risk. In
this paper we explore symmetry in the clustered data collected via a rotating
sampling plan to develop a permutation scheme for testing various hypothe-
ses of interest. We also introduce a semiparametric density ratio model to link
the distributions of the response variable over time. The combination retains
the validity of the inference methods while extracting maximum informa-
tion from the sampling plan. A simulation study indicates that the proposed
permutation tests firmly control the type I error whether or not the data are
clustered. The use of the density ratio model improves the power of the tests.
We also apply the proposed tests to data from the motivating application. The
proposed permutation tests effectively address many real-world issues with
trust worth inference conclusions.

REFERENCES

ANDERSON, J. A. (1979). Multivariate logistic compounds. Biometrika 66 17–26. MR0529143 https://doi.org/10.
1093/biomet/66.1.17

ASTM (2006). Standard practice for establishing allowable properties for visually-graded dimension lumber.
American Society for Testing and Materials, West Conshohocken, PA.

BERG, E., CECERE, W. and GHOSH, M. (2014). Small area estimation for county-level farmland cash rental
rates. Journal of Survey Statistics and Methodology 2 1–37.

CAI, S., CHEN, J. and ZIDEK, J. V. (2017). Hypothesis testing in the presence of multiple samples under density
ratio models. Statist. Sinica 27 761–783. MR3674695

CAI, Y., CAI, J., CHEN, J., GOLCHI, S., GUAN, M., KARIM, M. E., LIU, Y., TOMAL, J., XIONG, C. et al.
(2016). An empirical experiment to assess the relationship between the tensile and bending strengths of lumber.
The University of British Columbia, Department of Statistics, Technical Report # 276.

CHEN, J. and LIU, Y. (2013). Quantile and quantile-function estimations under density ratio model. Ann. Statist.
41 1669–1692. MR3113825 https://doi.org/10.1214/13-AOS1129

CHEN, J., VARIYATH, A. M. and ABRAHAM, B. (2008). Adjusted empirical likelihood and its properties. J.
Comput. Graph. Statist. 17 426–443. MR2439967 https://doi.org/10.1198/106186008X321068

CHEN, J., LI, P., LIU, Y. and ZIDEK, J. V. (2021). Composite empirical likelihood for multisample clustered
data. J. Nonparametr. Stat. 33 60–81. MR4261898 https://doi.org/10.1080/10485252.2021.1914337

Key words and phrases. Density ratio model, empirical likelihood, exchangeability, multiple sample, per-
centila, rank test.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1526
http://www.imstat.org
mailto:jhchen@stat.ubc.ca
mailto:cgtaylor@stat.ubc.ca
mailto:jim@stat.ubc.ca
mailto:ykliu@sfs.ecnu.edu.cn
http://www.ams.org/mathscinet-getitem?mr=0529143
https://doi.org/10.1093/biomet/66.1.17
http://www.ams.org/mathscinet-getitem?mr=3674695
http://www.ams.org/mathscinet-getitem?mr=3113825
https://doi.org/10.1214/13-AOS1129
http://www.ams.org/mathscinet-getitem?mr=2439967
https://doi.org/10.1198/106186008X321068
http://www.ams.org/mathscinet-getitem?mr=4261898
https://doi.org/10.1080/10485252.2021.1914337
https://doi.org/10.1093/biomet/66.1.17


DATTA, S. and SATTEN, G. A. (2005). Rank-sum tests for clustered data. J. Amer. Statist. Assoc. 100 908–915.
MR2201018 https://doi.org/10.1198/016214504000001583

DATTA, S. and SATTEN, G. A. (2008). A signed-rank test for clustered data. Biometrics 64 501–507, 667.
MR2432420 https://doi.org/10.1111/j.1541-0420.2007.00923.x

FRANCISCO, C. A. and FULLER, W. A. (1991). Quantile estimation with a complex survey design. Ann. Statist.
19 454–469. MR1091862 https://doi.org/10.1214/aos/1176347993

HEMERIK, J. and GOEMAN, J. (2018). Exact testing with random permutations. TEST 27 811–825. MR3878362
https://doi.org/10.1007/s11749-017-0571-1

HEMERIK, J., SOLARI, A. and GOEMAN, J. J. (2019). Permutation-based simultaneous confidence bounds for
the false discovery proportion. Biometrika 106 635–649. MR3992394 https://doi.org/10.1093/biomet/asz021

KARNA, J. P. and NATH, D. C. (2015). Rotationn sampling: Introduction and review of recent developments. J.
Assam Sci. Soc. 56 90–111.

KEZIOU, A. and LEONI-AUBIN, S. (2008). On empirical likelihood for semiparametric two-sample density ratio
models. J. Statist. Plann. Inference 138 915–928. MR2384498 https://doi.org/10.1016/j.jspi.2007.02.009

LINDSAY, B. G. (1988). Composite likelihood methods. In Statistical Inference from Stochastic Pro-
cesses (Ithaca, NY, 1987). Contemp. Math. 80 221–239. Amer. Math. Soc., Providence, RI. MR0999014
https://doi.org/10.1090/conm/080/999014

NIJMAN, T., VERBEEK, M. and VAN SOEST, A. (1991). The efficiency of rotating-panel designs in an analysis-
of-variance model. J. Econometrics 49 373–399. MR1129125 https://doi.org/10.1016/0304-4076(91)90003-V

OWEN, A. (2001). Empirical Likelihood. CRC Press/CRC, New York.
OWEN, A. B. (2013). Self-concordance for empirical likelihood. Canad. J. Statist. 41 387–397. MR3101590

https://doi.org/10.1002/cjs.11183
PARK, Y. S., CHOI, J. W. and KIM, K. W. (2007). A balanced multi-level rotation sampling design and its

efficient composite estimators. J. Statist. Plann. Inference 137 594–610. MR2298960 https://doi.org/10.1016/
j.jspi.2005.12.007

PESARIN, F. and SALMASO, L. (2010). Permutation Tests for Complex Data: Theory, Applications and Software.
John Wiley & Sons.

PFEFFERMANN, D. and SVERCHKOV, M. (2009). Inference under informative sampling. In Handbook of Statis-
tics 29 455–487. Elsevier.

QIN, J. (1998). Inferences for case-control and semiparametric two-sample density ratio models. Biometrika 85
619–630. MR1665814 https://doi.org/10.1093/biomet/85.3.619

QIN, J. and ZHANG, B. (1997). A goodness-of-fit test for logistic regression models based on case-control data.
Biometrika 84 609–618. MR1603924 https://doi.org/10.1093/biomet/84.3.609

RAO, J. N. K. and SHAO, J. (1992). Jackknife variance estimation with survey data under hot deck imputation.
Biometrika 79 811–822. MR1209480 https://doi.org/10.1093/biomet/79.4.811

ROSNER, B., GLYNN, R. J. and LEE, M.-L. T. (2006). The Wilcoxon signed rank test for paired comparisons of
clustered data. Biometrics 62 185–192. MR2226572 https://doi.org/10.1111/j.1541-0420.2005.00389.x

SOETAERT, K. (2009). rootSolve: Nonlinear root finding, equilibrium and steady-state analysis of ordinary dif-
ferential equations. R package 1.6.

SOETAERT, K. and HERMAN, P. M. J. (2009). A Practical Guide to Ecological Modelling: Using R as a Simula-
tion Platform. Springer, New York. MR2492334 https://doi.org/10.1007/978-1-4020-8624-3

VARIN, C., REID, N. and FIRTH, D. (2011). An overview of composite likelihood methods. Statist. Sinica 21
5–42. MR2796852

VERRILL, S., KRETSCHMANN, D. E. and EVANS, J. W. (2015). Simulations of strength property monitoring
tests. Unpublished manuscript. Forest Products Laboratory, Madison, Wisconsin. Available at http://www1.
fpl.fs.fed.us/monit.pdf.

ZIDEK, J. V. and LUM, C. (2018). Statistical challenges in assessing the engineering properties of forest products.
Annu. Rev. Stat. Appl. 5 237–267. MR3774747 https://doi.org/10.1146/annurev-statistics-041715-033633

http://www.ams.org/mathscinet-getitem?mr=2201018
https://doi.org/10.1198/016214504000001583
http://www.ams.org/mathscinet-getitem?mr=2432420
https://doi.org/10.1111/j.1541-0420.2007.00923.x
http://www.ams.org/mathscinet-getitem?mr=1091862
https://doi.org/10.1214/aos/1176347993
http://www.ams.org/mathscinet-getitem?mr=3878362
https://doi.org/10.1007/s11749-017-0571-1
http://www.ams.org/mathscinet-getitem?mr=3992394
https://doi.org/10.1093/biomet/asz021
http://www.ams.org/mathscinet-getitem?mr=2384498
https://doi.org/10.1016/j.jspi.2007.02.009
http://www.ams.org/mathscinet-getitem?mr=0999014
https://doi.org/10.1090/conm/080/999014
http://www.ams.org/mathscinet-getitem?mr=1129125
https://doi.org/10.1016/0304-4076(91)90003-V
http://www.ams.org/mathscinet-getitem?mr=3101590
https://doi.org/10.1002/cjs.11183
http://www.ams.org/mathscinet-getitem?mr=2298960
https://doi.org/10.1016/j.jspi.2005.12.007
http://www.ams.org/mathscinet-getitem?mr=1665814
https://doi.org/10.1093/biomet/85.3.619
http://www.ams.org/mathscinet-getitem?mr=1603924
https://doi.org/10.1093/biomet/84.3.609
http://www.ams.org/mathscinet-getitem?mr=1209480
https://doi.org/10.1093/biomet/79.4.811
http://www.ams.org/mathscinet-getitem?mr=2226572
https://doi.org/10.1111/j.1541-0420.2005.00389.x
http://www.ams.org/mathscinet-getitem?mr=2492334
https://doi.org/10.1007/978-1-4020-8624-3
http://www.ams.org/mathscinet-getitem?mr=2796852
http://www1.fpl.fs.fed.us/monit.pdf
http://www.ams.org/mathscinet-getitem?mr=3774747
https://doi.org/10.1146/annurev-statistics-041715-033633
https://doi.org/10.1016/j.jspi.2005.12.007
http://www1.fpl.fs.fed.us/monit.pdf


The Annals of Applied Statistics
2022, Vol. 16, No. 2, 959–981
https://doi.org/10.1214/21-AOAS1527
© Institute of Mathematical Statistics, 2022

INFERENCE FOR STOCHASTIC KINETIC MODELS FROM MULTIPLE
DATA SOURCES FOR JOINT ESTIMATION OF INFECTION DYNAMICS
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Before the current pandemic, influenza and respiratory syncytial virus
(RSV) were the leading etiological agents of seasonal acute respiratory in-
fections (ARI) around the world. In this setting, medical doctors typically
based the diagnosis of ARI on patients’ symptoms alone and did not rou-
tinely conduct virological tests necessary to identify individual viruses, lim-
iting the ability to study the interaction between multiple pathogens and to
make public health recommendations. We consider a stochastic kinetic model
(SKM) for two interacting ARI pathogens circulating in a large population
and an empirically-motivated background process for infections with other
pathogens causing similar symptoms. An extended marginal sampling ap-
proach, based on the linear noise approximation to the SKM, integrates mul-
tiple data sources and additional model components. We infer the parameters
defining the pathogens’ dynamics and interaction within a Bayesian model
and explore the posterior trajectories of infections for each illness based on
aggregate infection reports from six epidemic seasons collected by the state
health department and a subset of virological tests from a sentinel program
at a general hospital in San Luis Potosí, México. We interpret the results and
make recommendations for future data collection strategies.
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Multistate capture-recapture data comprise individual-specific sighting
histories, together with information on individuals’ states related, for exam-
ple, to breeding status, infection level, or geographical location. Such data are
often analysed using the Arnason–Schwarz model, where transitions between
states are modelled using a discrete-time Markov chain, making the model
most easily applicable to regular time series. When time intervals between
capture occasions are not of equal length, more complex time-dependent con-
structions may be required, increasing the number of parameters to estimate,
decreasing interpretability, and potentially leading to reduced precision. Here
we develop a multi-state model based on a state process operating in continu-
ous time, which can be regarded as an analogue of the discrete-time Arnason–
Schwarz model for irregularly sampled data. Statistical inference is carried
out by regarding the capture-recapture data as realisations from a continuous-
time hidden Markov model, which allows the associated efficient algorithms
to be used for maximum likelihood estimation and state decoding. To illus-
trate the feasibility of the modelling framework, we use a long-term survey of
bottlenose dolphins where capture occasions are not regularly spaced through
time. Here, we are particularly interested in seasonal effects on the movement
rates of the dolphins along the Scottish east coast. The results reveal seasonal
movement patterns between two core areas of their range, providing informa-
tion that will inform conservation management.
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Agent-based methods allow for defining simple rules that generate com-
plex group behaviors. The governing rules of such models are typically set a
priori, and parameters are tuned from observed behavior trajectories. Instead
of making simplifying assumptions across all anticipated scenarios, inverse
reinforcement learning provides inference on the short-term (local) rules gov-
erning long-term behavior policies by using properties of a Markov decision
process. We use the computationally efficient linearly-solvable Markov de-
cision process to learn the local rules governing collective movement for a
simulation of the selfpropelled-particle (SPP) model and a data application
for a captive guppy population. The estimation of the behavioral decision
costs is done in a Bayesian framework with basis function smoothing. We
recover the true costs in the SPP simulation and find the guppies value col-
lective movement more than targeted movement toward shelter.
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In the absence of a randomized experiment, a key assumption for draw-
ing causal inference about treatment effects is the ignorable treatment assign-
ment. Violations of the ignorability assumption may lead to biased treatment
effect estimates. Sensitivity analysis helps gauge how causal conclusions will
be altered in response to the potential magnitude of departure from the ignor-
ability assumption. However, sensitivity analysis approaches for unmeasured
confounding in the context of multiple treatments and binary outcomes are
scarce. We propose a flexible Monte Carlo sensitivity analysis approach for
causal inference in such settings. We first derive the general form of the bias
introduced by unmeasured confounding, with emphasis on theoretical prop-
erties uniquely relevant to multiple treatments. We then propose methods to
encode the impact of unmeasured confounding on potential outcomes and
adjust the estimates of causal effects in which the presumed unmeasured con-
founding is removed. Our proposed methods embed nested multiple impu-
tation within the Bayesian framework, which allow for seamless integration
of the uncertainty about the values of the sensitivity parameters and the sam-
pling variability as well as use of the Bayesian Additive Regression Trees for
modeling flexibility. Expansive simulations validate our methods and gain
insight into sensitivity analysis with multiple treatments. We use the SEER-
Medicare data to demonstrate sensitivity analysis using three treatments for
early stage nonsmall cell lung cancer. The methods developed in this work
are readily available in the R package SAMTx.
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Big Data often presents as massive nonprobability samples. Not only is
the selection mechanism often unknown but larger data volume amplifies the
relative contribution of selection bias to total error. Existing bias adjustment
approaches assume that the conditional mean structures have been correctly
specified for the selection indicator or key substantive measures. In the pres-
ence of a reference probability sample, these methods rely on a pseudolike-
lihood method to account for the sampling weights of the reference sample,
which is parametric in nature. Under a Bayesian framework, handling the
sampling weights is an even bigger hurdle. To further protect against model
misspecification, we expand the idea of double robustness such that more
flexible nonparametric methods as well as Bayesian models can be used for
prediction. In particular, we employ Bayesian additive regression trees which
not only capture nonlinear associations automatically but permit direct quan-
tification of the uncertainty of point estimates through its posterior predictive
draws. We apply our method to sensor-based naturalistic driving data from
the second Strategic Highway Research Program using the 2017 National
Household Travel Survey as a benchmark.
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Supervised machine learning methods have been increasingly used in
biomedical research and clinical practice. In transcriptomic applications,
RNA-seq data have become dominating and have gradually replaced tradi-
tional microarray, due to their reduced background noise and increased digi-
tal precision. Most existing machine learning methods are, however, designed
for continuous intensities of microarray and are not suitable for RNA-seq
count data. In this paper we develop a negative binomial model via general-
ized linear model framework with double regularization for gene and covari-
ate sparsity to accommodate three key elements: adequate modeling of count
data with overdispersion, gene selection and adjustment for covariate effect.
The proposed sparse negative binomial classifier (snbClass) is evaluated in
simulations and two real applications of multidisease postmortem brain tis-
sue RNA-seq data and cervical tumor miRNA-seq data to demonstrate its
superior performance in prediction accuracy and feature selection.
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Exposures to environmental chemicals during gestation can alter health
status later in life. Most studies of maternal exposure to chemicals during
pregnancy have focused on a single chemical exposure observed at high tem-
poral resolution. Recent research has turned to focus on exposure to mix-
tures of multiple chemicals, generally observed at a single time point. We
consider statistical methods for analyzing data on chemical mixtures that are
observed at a high temporal resolution. As motivation, we analyze the as-
sociation between exposure to four ambient air pollutants observed weekly
throughout gestation and birth weight in a Boston-area prospective birth co-
hort. To explore patterns in the data, we first apply methods for analyzing
data on: (1) a single chemical observed at high temporal resolution, and (2) a
mixture measured at a single point in time. We highlight the shortcomings of
these approaches for temporally-resolved data on exposure to chemical mix-
tures. Second, we propose a novel method, a Bayesian kernel machine re-
gression distributed lag model (BKMR-DLM) that simultaneously accounts
for nonlinear associations and interactions among time-varying measures of
exposure to mixtures. BKMR-DLM uses a functional weight for each expo-
sure that parameterizes the window of susceptibility corresponding to that
exposure within a kernel machine framework that captures nonlinear and in-
teraction effects of the multivariate exposure on the outcome. In a simulation
study we show that the proposed method can better estimate the exposure-
response function and, in high signal settings, can identify critical windows
in time during which exposure has an increased association with the out-
come. Applying the proposed method to the Boston birth cohort data, we find
evidence of a negative association between organic carbon and birth weight
and that nitrate modifies the organic carbon, elemental carbon, and sulfate
exposure-response functions.
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DETECTING HETEROGENEOUS TREATMENT EFFECTS WITH
INSTRUMENTAL VARIABLES AND APPLICATION TO THE OREGON
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There is an increasing interest in estimating heterogeneity in causal ef-
fects in randomized and observational studies. However, little research has
been conducted to understand effect heterogeneity in an instrumental vari-
ables study. In this work we present a method to estimate heterogeneous
causal effects using an instrumental variable with matching. The method
has two parts. The first part uses subject-matter knowledge and interpretable
machine-learning techniques, such as classification and regression trees, to
discover potential effect modifiers. The second part uses closed testing to
test for statistical significance of each effect modifier while strongly control-
ling the familywise error rate. We apply this method on the Oregon Health
Insurance Experiment, estimating the effect of Medicaid on the number of
days an individual’s health does not impede their usual activities by using
a randomized lottery as an instrument. Our method revealed Medicaid’s ef-
fect was most impactful among older, English-speaking, non-Asian males and
younger, English-speaking individuals with, at most, a high school diploma
or General Educational Development.
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The arterial networks in the human brain, termed brain arterial networks
or BANs, are complex arrangements of individual arteries, branching pat-
terns, and interconnectivity. BANs play an essential role in characterizing
and understanding brain physiology, and one would like tools for statisti-
cally analyzing the shapes of BANs. These tools include quantifying shape
differences, comparing populations of subjects, and studying the effects of
covariates on these shapes. This paper mathematically represents and sta-
tistically analyzes BAN shapes as elastic shape graphs. Each elastic shape
graph consists of nodes, or points in 3D, connected by 3D curves, or edges,
with arbitrary shapes. We develop a mathematical representation, a Rieman-
nian metric and other geometrical tools, such as computations of geodesics,
means, covariances, and PCA, for helping analyze BANs as elastic graphs.
We apply this analysis to BANs after dividing them into four components—
top, bottom, left, and right. The framework is then used to generate shape
summaries of BANs from 92 subjects and study the effects of age and gender
on shapes of BAN components. While gender effects require further investi-
gation, we conclude that age has a clear, quantifiable effect on BAN shapes.
Specifically, we find an increased variance in BAN shapes as age increases.
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SPATIOTEMPORAL-TEXTUAL POINT PROCESSES FOR CRIME LINKAGE
DETECTION
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Crimes emerge out of complex interactions of human behaviors and sit-
uations. Linkages between crime incidents are highly complex. Detecting
crime linkage, given a set of incidents, is a highly challenging task since
we only have limited information, including text descriptions, incident times,
and locations. In practice, there are very few labels. We propose a new sta-
tistical modeling framework for spatiotemporal-textual data and demonstrate
its usage on crime linkage detection. We capture linkages of crime incidents
via multivariate marked spatiotemporal Hawkes processes and treat embed-
ding vectors of the free-text as marks of the incident, inspired by the notion of
modus operandi (M.O.) in crime analysis. Numerical results, using real data,
demonstrate the good performance of our method as well as reveals inter-
esting patterns in the crime data: the joint modeling of space, time, and text
information enhances crime linkage detection, compared with the state-of-
the-art, and the learned spatial dependence from data can be useful for police
operations.
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Modeling event dynamics is central to many disciplines. Patterns in ob-
served social interaction events can be commonly modeled using point pro-
cesses. Such social interaction event data often exhibit self-exciting, hetero-
geneous and sporadic trends which is challenging for conventional models. It
is reasonable to assume that there exists a hidden state process that drives dif-
ferent event dynamics at different states. In this paper we propose a Markov
modulated Hawkes process (MMHP) model for learning such a mixture of
social interaction event dynamics and develop corresponding inference algo-
rithms. Numerical experiments using synthetic data demonstrate that MMHP
with the proposed estimation algorithms consistently recover the true hidden
state process in simulations, while email data from a large university and data
from an animal behavior study show that the procedure captures distinct event
dynamics that reveal interesting social structures in the real data.
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CONDITIONAL FUNCTIONAL CLUSTERING FOR LONGITUDINAL DATA
WITH HETEROGENEOUS NONLINEAR PATTERNS
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DAVID A. BENNETTe AND PATRICIA A. BOYLEf
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In studies of cognitive aging, it is crucial to distinguish subtypes of longi-
tudinal cognition change while accounting for the effects of given covariates.
The longitudinal cognition trajectories and the covariate effects can both be
nonlinear with heterogeneous shapes that do not follow a simple parametric
form, where flexible functional methods are preferred. However, most func-
tional clustering methods for longitudinal data do not allow controlling for
the possible functional effects of covariates. Although traditional mixture-
of-experts methods can include covariates and be extended to the functional
setting, using nonlinear basis functions, satisfactory parsimonious functional
methods required for robust functional coefficient estimation and clustering
are still lacking. In this paper we propose a novel latent class functional
mixed-effects model in which we assume the covariates have fixed functional
effects, and the random curves follow a mixture of Gaussian processes that
facilitates a model-based conditional clustering. A transformed penalized B-
spline approach is employed for parsimonious modeling and robust model
estimation. We propose a new iterative-REML method to choose the penalty
parameters in heterogeneous data. The new method is applied to the latest
data from the Religious Orders Study and Rush Memory and Aging Project,
and four novel subtypes of cognitive changes are identified.
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In 2011, the Los Angeles Police Department (LAPD), in conjunction
with other governmental and nonprofit groups, launched the Community
Safety Partnership (CSP) in several public housing developments in Los An-
geles. Following a relationship-based policing model, officers were assigned
to work collaboratively with community members to reduce crime and build
trust. However, evaluating the causal impact of this policy intervention is dif-
ficult, given the notable differences between communities where CSP was
implemented and the surrounding communities in South Los Angeles. In this
paper we use a novel data set, based on the LAPD’s reported crime inci-
dents and calls-for-service, to evaluate the effectiveness of this program via
augmented synthetic control models, a cutting-edge method for policy eval-
uation. We perform falsification analyses to evaluate the robustness of the
results. In the public housing developments where it was first deployed, we
find that CSP exhibited modest but statistically insignificant reductions in re-
ported violent crime incidents, shots fired and violent crime calls-for-service,
and Part I reported crime incidents. We do not find evidence of crime dis-
placement from CSP regions to neighboring control regions.
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HIGHER CRITICISM FOR DISCRIMINATING WORD-FREQUENCY TABLES
AND AUTHORSHIP ATTRIBUTION

BY ALON KIPNISa

Department of Statistics, Stanford University, akipnisal@stanford.edu

We adapt the higher criticism (HC) goodness-of-fit test to measure the
closeness between word-frequency tables. We apply this measure to author-
ship attribution challenges, where the goal is to identify the author of a doc-
ument using other documents whose authorship is known. The method is
simple yet performs well without handcrafting and tuning, reporting accu-
racy at the state-of-the-art level in various current challenges. As an inherent
side effect, the HC calculation identifies a subset of discriminating words. In
practice, the identified words have low variance across documents belonging
to a corpus of homogeneous authorship. We conclude that in comparing the
similarity of a new document and a corpus of a single author, HC is mostly
affected by words characteristic of the author and is relatively unaffected by
topic structure.
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