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Bayes, Oracle Bayes and Empirical Bayes

Bradley Efron

Abstract.

This article concerns the Bayes and frequentist aspects of empir-

ical Bayes inference. Some of the ideas explored go back to Robbins in the
1950s, while others are current. Several examples are discussed, real and ar-
tificial, illustrating the two faces of empirical Bayes methodology: “oracle
Bayes” shows empirical Bayes in its most frequentist mode, while “finite
Bayes inference” is a fundamentally Bayesian application. In either case,
modern theory and computation allow us to present a sharp finite-sample
picture of what is at stake in an empirical Bayes analysis.
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Comment:

Roger Koenker and Jiaying Gu

Abstract.

Minimalist g-Modeling

Efron’s elegant approach to g-modeling for empirical Bayes

problems is contrasted with an implementation of the Kiefer—Wolfowitz non-
parametric maximum likelihood estimator for mixture models for several ex-
amples. The latter approach has the advantage that it is free of tuning param-
eters and consequently provides a relatively simple complementary method.

Key words and phrases:
model, convex optimization.
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Abstract.

Empirical Bayes Interval

This is a contribution to the discussion of the enlightening paper

by Professor Efron. We focus on empirical Bayes interval estimation. We
discuss the oracle interval estimation rules, the empirical Bayes estimation
of the oracle rule and the computation. Some numerical results are reported.
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Abstract.

Empirical Bayes, Compound
and Exchangeability

We present some personal reflections on empirical Bayes/

compound decision (EB/CD) theory following Efron (2019). In particular,
we consider the role of exchangeability in the EB/CD theory and how it can
be achieved when there are covariates. We also discuss the interpretation of
EB/CD confidence interval, the theoretical efficiency of the CD procedure,

and the impact of sparsity assumptions.
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A Kernel Regression Procedure in the 3D

Shape Space with an Application to

Online

Sales of Children’s Wear

Gregorio Quintana-Orti and Amelia Simé6

Abstract. This paper is focused on kernel regression when the response
variable is the shape of a 3D object represented by a configuration matrix
of landmarks. Regression methods on this shape space are not trivial because
this space has a complex finite-dimensional Riemannian manifold structure
(non-Euclidean). Papers about it are scarce in the literature, the majority of
them are restricted to the case of a single explanatory variable, and many
of them are based on the approximated tangent space. In this paper, there
are several methodological innovations. The first one is the adaptation of
the general method for kernel regression analysis in manifold-valued data to
the three-dimensional case of Kendall’s shape space. The second one is its
generalization to the multivariate case and the addressing of the curse-of-
dimensionality problem. Finally, we propose bootstrap confidence intervals
for prediction. A simulation study is carried out to check the goodness of the
procedure, and a comparison with a current approach is performed. Then, it
is applied to a 3D database obtained from an anthropometric survey of the
Spanish child population with a potential application to online sales of chil-
dren’s wear.

Key words and phrases: Shape space, statistical shape analysis, Kernel re-
gression, Fréchet mean, children’s wear.
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Statistical Analysis of Zero-Inflated
Nonnegative Continuous Data: A Review

Lei Liu, Ya-Chen Tina Shih, Robert L. Strawderman, Daowen Zhang, Bankole A. Johnson
and Haitao Chai

Abstract. Zero-inflated nonnegative continuous (or semicontinuous) data
arise frequently in biomedical, economical, and ecological studies. Examples
include substance abuse, medical costs, medical care utilization, biomarkers
(e.g., CD4 cell counts, coronary artery calcium scores), single cell gene ex-
pression rates, and (relative) abundance of microbiome. Such data are often
characterized by the presence of a large portion of zero values and positive
continuous values that are skewed to the right and heteroscedastic. Both of
these features suggest that no simple parametric distribution may be suit-
able for modeling such type of outcomes. In this paper, we review statistical
methods for analyzing zero-inflated nonnegative outcome data. We will start
with the cross-sectional setting, discussing ways to separate zero and pos-
itive values and introducing flexible models to characterize right skewness
and heteroscedasticity in the positive values. We will then present models of
correlated zero-inflated nonnegative continuous data, using random effects
to tackle the correlation on repeated measures from the same subject and
that across different parts of the model. We will also discuss expansion to
related topics, for example, zero-inflated count and survival data, nonlinear
covariate effects, and joint models of longitudinal zero-inflated nonnegative
continuous data and survival. Finally, we will present applications to three
real datasets (i.e., microbiome, medical costs, and alcohol drinking) to illus-
trate these methods. Example code will be provided to facilitate applications
of these methods.

Key words and phrases: Two-part model, Tobit model, health economet-
rics, semiparametric regression, joint model, cure rate, frailty model, splines.
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The Importance of Being Clustered:
Uncluttering the Trends of Statistics from

1970 to 2015

Laura Anderlucci, Angela Montanari and Cinzia Viroli

Abstract. In this paper, we retrace the recent history of statistics by ana-
lyzing all the papers published in five prestigious statistical journals since
1970, namely: The Annals of Statistics, Biometrika, Journal of the Ameri-
can Statistical Association, Journal of the Royal Statistical Society, Series
B and Statistical Science. The aim is to construct a kind of “taxonomy” of
the statistical papers by organizing and clustering them in main themes. In
this sense being identified in a cluster means being important enough to be
uncluttered in the vast and interconnected world of the statistical research.
Since the main statistical research topics naturally born, evolve or die during
time, we will also develop a dynamic clustering strategy, where a group in
a time period is allowed to migrate or to merge into different groups in the
following one. Results show that statistics is a very dynamic and evolving
science, stimulated by the rise of new research questions and types of data.

Key words and phrases: Model-based clustering, cosine distance, textual

data analysis.
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Producing Official County-Level
Agricultural Estimates in the United
States: Needs and Challenges

Nathan B. Cruze, Andreea L. Erciulescu, Balgobin Nandram, Wendy J. Barboza and
Linda J. Young

Abstract. In the United States, county-level estimates of crop yield, pro-
duction, and acreage published by the United States Department of Agricul-
ture’s National Agricultural Statistics Service (USDA NASS) play an im-
portant role in determining the value of payments allotted to farmers and
ranchers enrolled in several federal programs. Given the importance of these
official county-level crop estimates, NASS continually strives to improve its
crops county estimates program in terms of accuracy, reliability and cover-
age. In 2015, NASS engaged a panel of experts convened under the auspices
of the National Academies of Sciences, Engineering, and Medicine Commit-
tee on National Statistics (CNSTAT) for guidance on implementing models
that may synthesize multiple sources of information into a single estimate,
provide defensible measures of uncertainty, and potentially increase the num-
ber of publishable county estimates. The final report titled Improving Crop
Estimates by Integrating Multiple Data Sources was released in 2017. This
paper discusses several needs and requirements for NASS county-level crop
estimates that were illuminated during the activities of the CNSTAT panel.
A motivating example of planted acreage estimation in Illinois illustrates sev-
eral challenges that NASS faces as it considers adopting any explicit model
for official crops county estimates.

Key words and phrases:  Agricultural surveys, auxiliary data, benchmark-
ing, official statistics, small area estimation.
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Two-Sample Instrumental Variable Analyses
Using Heterogeneous Samples

Qingyuan Zhao, Jingshu Wang, Wes Spiller, Jack Bowden and Dylan S. Small

Abstract. Instrumental variable analysis is a widely used method to esti-
mate causal effects in the presence of unmeasured confounding. When the
instruments, exposure and outcome are not measured in the same sample,
Angrist and Krueger (J. Amer. Statist. Assoc. 87 (1992) 328-336) suggested
to use two-sample instrumental variable (TSIV) estimators that use sample
moments from an instrument-exposure sample and an instrument-outcome
sample. However, this method is biased if the two samples are from hetero-
geneous populations so that the distributions of the instruments are different.
In linear structural equation models, we derive a new class of TSIV estima-
tors that are robust to heterogeneous samples under the key assumption that
the structural relations in the two samples are the same. The widely used two-
sample two-stage least squares estimator belongs to this class. It is generally
not asymptotically efficient, although we find that it performs similarly to
the optimal TSIV estimator in most practical situations. We then attempt to
relax the linearity assumption. We find that, unlike one-sample analyses, the
TSIV estimator is not robust to misspecified exposure model. Additionally,
to nonparametrically identify the magnitude of the causal effect, the noise in
the exposure must have the same distributions in the two samples. However,
this assumption is in general untestable because the exposure is not observed
in one sample. Nonetheless, we may still identify the sign of the causal effect
in the absence of homogeneity of the noise.

Key words and phrases:  Generalized method of moments, linkage disequi-
librium, local average treatment effect, Mendelian randomization, two stage
least squares.

REFERENCES ANGRIST, J. D., GRADDY, K. and IMBENS, G. W. (2000). The
interpretation of instrumental variables estimators in simultane-

1000 GENOMES PROJECT CONSORTIUM (2015). A global refer- ous equations models with an application to the demand for fish.
ence for human genetic variation. Nature 526 68-74. Rev. Econ. Stud. 67 499-527.

ABADIE, A. (2003). Semiparametric instrumental variable estima- ANGRIST, J. D., IMBENS, G. W. and RUBIN, D. B. (1996). Iden-
tion of treatment response models. J. Econometrics 113 231- tification of causal effects using instrumental variables. J. Amer.
263. MR1960380 Statist. Assoc. 91 444455,

ANDERSON, T. W. and RUBIN, H. (1949). Estimation of the pa- ANGRIST, J. D. and KRUEGER, A. B. (1992). The effect of age
rameters of a single equation in a complete system of stochastic at school entry on educational attainment: An application of in-
equations. Ann. Math. Stat. 20 46-63. MR0028546 strumental variables with moments from two samples. J. Amer.

Qingyuan Zhao is Postdoctoral Fellow, Department of Statistics, The Wharton School, University of Pennsylvania, USA
(e-mail: gyzhao@wharton.upenn.edu). Jingshu Wang is Postdoctoral Fellow, Department of Statistics, The Wharton School,
University of Pennsylvania, USA (e-mail: jingshuw @wharton.upenn.edu). Wes Spiller is Ph.D. Student, MRC Integrative
Epidemiology Unit, University of Bristol, United Kingdom (e-mail: wes.spiller @bristol.ac.uk). Jack Bowden is Senior
Lecturer, MRC Integrative Epidemiology Unit, University of Bristol, United Kingdom (e-mail: jack.bowden@bristol.ac.uk).
Dylan S. Small is Professor, Department of Statistics, The Wharton School, University of Pennsylvania, USA (e-mail:
dsmall@wharton.upenn.edu,).


http://www.imstat.org/sts/
https://doi.org/10.1214/18-STS692
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1960380
http://www.ams.org/mathscinet-getitem?mr=0028546
mailto:qyzhao@wharton.upenn.edu
mailto:jingshuw@wharton.upenn.edu
mailto:wes.spiller@bristol.ac.uk
mailto:jack.bowden@bristol.ac.uk
mailto:dsmall@wharton.upenn.edu

Statist. Assoc. 87 328-336.

ANGRIST, J. D. and KRUEGER, A. B. (1995). Split-sample in-
strumental variables estimates of the return to schooling. J. Bus.
Econom. Statist. 13 225-235.

BAITOCCHI, M., CHENG, J. and SMALL, D. S. (2014). Instrumen-
tal variable methods for causal inference. Stat. Med. 33 2297-
2340. MR3257582

BAKER, S. G. and LINDEMAN, K. S. (1994). The paired availabil-
ity design: A proposal for evaluating epidural analgesia during
labor. Stat. Med. 13 2269-2278.

BALKE, A. and PEARL, J. (1997). Bounds on treatment effects
from studies with imperfect compliance. J. Amer. Statist. Assoc.
92 1171-1176.

BARBEIRA, A., DICKINSON, S. P., BONAZZOLA, R., ZHENG, J.,
WHEELER, H. E., TORRES, J. M., TORSTENSON, E. S.,
SHAH, K. P., GARCIA, T. et al. (2018). Exploring the pheno-
typic consequences of tissue specific gene expression variation
inferred from GWAS summary statistics. Nat. Commun. 9 1825.

BOWDEN, J., DAVEY SMITH, G. and BURGESS, S. (2015).
Mendelian randomization with invalid instruments: Effect esti-
mation and bias detection through Egger regression. Int. J. Epi-
demiol. 44 512-525.

BOWDEN, J., DAVEY SMITH, G., HAYcock, P. C. and
BURGESS, S. (2016). Consistent estimation in mendelian ran-
domization with some invalid instruments using a weighted me-
dian estimator. Genet. Epidemiol. 40 304-314.

BuJA, A., BERK, R., BROWN, L., GEORGE, E., PITKIN, E.,
TRASKIN, M., ZHAO, L. and ZHANG, K. (2014). Models as
approximations, part I: A conspiracy of nonlinearity and ran-
dom regressors in linear regression. Statist. Sci. Available at
arXiv:1404.1578.

BURGESS, S., SMALL, D. S. and THOMPSON, S. G. (2017). A re-
view of instrumental variable estimators for Mendelian random-
ization. Stat. Methods Med. Res. 26 2333-2355. MR3712236

BURGESS, S., ScoTT, R. A., TIMPSON, N. J., SMITH, G. D.,
THOMPSON, S. G. and EPIC-INTERACT CONSORTIUM
(2015). Using published data in Mendelian randomization: A
blueprint for efficient identification of causal risk factors. Eur.
J. Epidemiol. 30 543-552.

CHoI, J., Gu, J. and SHEN, S. (2018). Weak-instrument ro-
bust inference for two-sample instrumental variables regression.
J. Appl. Econometrics 33 109-125. MR3771577

CURRIE, J. and YELOWITZ, A. (2000). Are public housing
projects good for kids? J. Public Econ. 75 99-124.

DAVEY SMITH, G. and EBRAHIM, S. (2003). “Mendelian random-
ization”: Can genetic epidemiology contribute to understanding
environmental determinants of disease? Int. J. Epidemiol. 32 1—
22.

DAVEY SMITH, G. and HEMANI, G. (2014). Mendelian random-
ization: Genetic anchors for causal inference in epidemiological
studies. Hum. Mol. Genet. 23 R89-98.

DAVIDSON, R. and MACKINNON, J. G. (1993). Estimation and
Inference in Econometrics. Oxford University Press, New York.
MR1350531

FULLER, W. A. (1977). Some properties of a modification of
the limited information estimator. Econometrica 45 939-953.
MRO0451608

GAMAZON, E. R., WHEELER, H. E., SHAH, K. P., MOZAF-
FARI, S. V., AQUINO-MICHAELS, K., CARROLL, R. ],
EYLER, A. E., DENNY, J. C., NICOLAE, D. L. et al. (2015).

A gene-based association method for mapping traits using ref-
erence transcriptome data. Nat. Genet. 47 1091-1098.

GRAHAM, B. S., PINTO, C. C. X. and EGEL, D. (2016). Ef-
ficient estimation of data combination models by the method
of auxiliary-to-study tilting (AST). J. Bus. Econom. Statist. 34
288-301. MR3475879

HAAVELMO, T. (1944). The probability approach in econometrics.
Econometrica 12 S1-S115. MR0010953

HANSEN, L. P. (1982). Large sample properties of generalized
method of moments estimators. Econometrica 50 1029-1054.
MRO0666123

HANSEN, C., HAUSMAN, J. and NEWEY, W. (2008). Estimation
with many instrumental variables. J. Bus. Econom. Statist. 26
398-422. MR2459342

HEMANI, G., ZHENG, J., ELSWORTH, B., WADE, K. H., HABER-
LAND, V., BAIRD, D., LAURIN, C., BURGESS, S., Bow-
DEN, J. et al. (2018). The MR-Base platform supports sys-
tematic causal inference across the human phenome. eLife 7
e34408.

HERNAN, M. A. and ROBINS, J. M. (2006). Instruments for causal
inference: An epidemiologist’s dream? Epidemiology 360-372.

IMBENS, G. W. (2007). Nonadditive models with endogenous
regressors. In Advances in Economics and Econometrics (R.
Blundell, W. Newey and T. Persson, eds.) 3 17-46. Cambridge
Univ. Press, Cambridge.

IMBENS, G. and ANGRIST, J. (1994). Identification and estimation
of local average treatment effects. Econometrica 62 467-475.

INOUE, A. and SOLON, G. (2010). Two-sample instrumental vari-
ables estimators. Rev. Econ. Stat. 92 557-561.

JAPPELLI, T., PISCHKE, J.-S. and SOULELES, N. S. (1998). Test-
ing for liquidity constraints in Euler equations with complemen-
tary data sources. Rev. Econ. Stat. 80 251-262.

KANG, H., ZHANG, A., CA1L, T. T. and SMALL, D. S. (2016). In-
strumental variables estimation with some invalid instruments
and its application to Mendelian randomization. J. Amer. Statist.
Assoc. 111 132-144. MR3494648

KLEVMARKEN, A. (1982). Missing variables and two-stage least-
squares estimation from more than one data set. Working Paper
Series 62, Research Institute of Industrial Economics, Stock-
holm.

LAWLOR, D. A. (2016). Commentary: Two-sample Mendelian
randomization: Opportunities and challenges. Int. J. Epidemiol.
45 908-915.

LAWLOR, D. A., HARBORD, R. M., STERNE, J. A. C., TIMP-
SON, N. and SMITH, G. D. (2008). Mendelian randomization:
Using genes as instruments for making causal inferences in epi-
demiology. Stat. Med. 27 1133-1163. MR2420151

LOCKE, A. E., KAHALI, B., BERNDT, S. 1., JUSTICE, A. E.,
PERS, T. H., DAY, F. R., POWELL, C., VEDANTAM, S.,
BUCHKOVICH, M. L. et al. (2015). Genetic studies of body
mass index yield new insights for obesity biology. Nature 518
197-206.

MACHIELA, M. J. and CHANOCK, S. J. (2015). LDlink: A web-
based application for exploring population-specific haplotype
structure and linking correlated alleles of possible functional
variants. Bioinformatics 31 3555-3557.

Manorio, T. A., CoLLINS, F. S., Cox, N. J., GOLD-
STEIN, D. B., HINDORFF, L. A., HUNTER, D. J., Mc-
CARTHY, M. 1., RAMOS, E. M., CARDON, L. R. et al. (2009).
Finding the missing heritability of complex diseases. Nature
461 747-753.


http://www.ams.org/mathscinet-getitem?mr=3257582
http://arxiv.org/abs/arXiv:1404.1578
http://www.ams.org/mathscinet-getitem?mr=3712236
http://www.ams.org/mathscinet-getitem?mr=3771577
http://www.ams.org/mathscinet-getitem?mr=1350531
http://www.ams.org/mathscinet-getitem?mr=0451608
http://www.ams.org/mathscinet-getitem?mr=3475879
http://www.ams.org/mathscinet-getitem?mr=0010953
http://www.ams.org/mathscinet-getitem?mr=0666123
http://www.ams.org/mathscinet-getitem?mr=2459342
http://www.ams.org/mathscinet-getitem?mr=3494648
http://www.ams.org/mathscinet-getitem?mr=2420151

OGBURN, E. L., ROTNITZKY, A. and ROBINS, J. M. (2015). Dou-
bly robust estimation of the local average treatment effect curve.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 77 373-396. MR3310531

PACINI, D. (2018). The two-sample linear regression model with
interval-censored covariates. J. Appl. Econometrics 34 66-81.

PACINI, D. and WINDMEIJER, F. (2016). Robust inference for
the two-sample 2SLS estimator. Econom. Lett. 146 50-54.
MR3542584

PEARL, J. (2009). Causality: Models, Reasoning, and Inference,
2nd ed. Cambridge Univ. Press, Cambridge. MR2548166

PETERS, J., BUHLMANN, P. and MEINSHAUSEN, N. (2016).
Causal inference by using invariant prediction: Identification
and confidence intervals. J. R. Stat. Soc. Ser. B. Stat. Methodol.
78 947-1012. MR3557186

PIERCE, B. L. and BURGESS, S. (2013). Efficient design for
Mendelian randomization studies: Subsample and 2-sample in-
strumental variable estimators. Am. J. Epidemiol. 178 1177—
1184.

RIDDER, G. and MOFFITT, R. (2007). The econometrics of data
combination. Handb. Econom. 6 5469-5547.

SHERRY, S. T., WARD, M.-H., KHOLODOV, M., BAKER, J.,
PHAN, L., SMIGIELSKI, E. M. and SIROTKIN, K. (2001). db-
SNP: The NCBI database of genetic variation. Nucleic Acids
Res. 29 308-311.

STOCK, J. H., WRIGHT, J. H. and YOGO, M. (2002). A survey of
weak instruments and weak identification in generalized method
of moments. J. Bus. Econom. Statist. 20 518-529. MR1973801

THEIL, H. (1958). Economic Forecasts and Policy. North-Holland,
Amsterdam.

VANSTEELANDT, S. and DIDELEZ, V. (2015). Robustness and ef-
ficiency of covariate adjusted linear instrumental variable esti-
mators. Preprint. Available at arXiv:1510.01770.

WALD, A. (1940). The fitting of straight lines if both variables are
subject to error. Ann. Math. Stat. 11 285-300. MR0002739
WANG, L. and TCHETGEN TCHETGEN, E. (2018). Bounded, ef-
ficient and multiply robust estimation of average treatment ef-
fects using instrumental variables. J. R. Stat. Soc. Ser. B. Stat.

Methodol. 80 531-550. MR3798877

WHITE, H. (1980). Using least squares to approximate un-
known regression functions. Internat. Econom. Rev. 21 149—
170. MR0572464

WRIGHT, P. G. (1928). Tariff on Animal and Vegetable Oils.
Macmillan, New York.

YANG, J., FERREIRA, T., MORRIS, A. P., MEDLAND, S. E.,
MADDEN, P. A., HEATH, A. C., MARTIN, N. G., MONT-
GOMERY, G. W., WEEDON, M. N. et al. (2012). Conditional
and joint multiple-SNP analysis of GWAS summary statistics
identifies additional variants influencing complex traits. Nat.
Genet. 44 369-375.

ZHAO, Q., WANG, J., BOWDEN, J. and SMALL, D. S. (2019). Sta-
tistical inference in two-sample summary-data mendelian ran-
domization using robust adjusted profile score. Ann. Statist. To
appear. Available at arXiv:1801.09652.


http://www.ams.org/mathscinet-getitem?mr=3310531
http://www.ams.org/mathscinet-getitem?mr=3542584
http://www.ams.org/mathscinet-getitem?mr=2548166
http://www.ams.org/mathscinet-getitem?mr=3557186
http://www.ams.org/mathscinet-getitem?mr=1973801
http://arxiv.org/abs/arXiv:1510.01770
http://www.ams.org/mathscinet-getitem?mr=0002739
http://www.ams.org/mathscinet-getitem?mr=3798877
http://www.ams.org/mathscinet-getitem?mr=0572464
http://arxiv.org/abs/arXiv:1801.09652

Statistical Science

2019, Vol. 34, No. 2, 334-348
https://doi.org/10.1214/18-STS691
© Institute of Mathematical Statist

ics, 2019

A Conversation with Robert E. Kass

Sam Behseta

Abstract. Rob Kass has been been on the faculty of the Department of
Statistics at Carnegie Mellon since 1981; he joined the Center for the Neural
Basis of Cognition (CNBC) in 1997, and the Machine Learning Department
(in the School of Computer Science) in 2007. He served as Department Head
of Statistics from 1995 to 2004 and served as Interim Co-Director of the
CNBC 2015-2018. He became the Maurice Falk Professor of Statistics and
Computational Neuroscience in 2016.

Kass has served as Chair of the Section for Bayesian Statistical Science
of the American Statistical Association, Chair of the Statistics Section of the
American Association for the Advancement of Science, founding Editor-in-
Chief of the journal Bayesian Analysis and Executive Editor of Statistical
Science. He is an elected Fellow of the American Statistical Association, the
Institute of Mathematical Statistics and the American Association for the Ad-
vancement of Science. He has been recognized by the Institute for Scientific
Information as one of the 10 most highly cited researchers, 1995-2005, in the
category of mathematics. Kass is the recipient of the 2017 Fisher Award and
lectureship by the Committee of the Presidents of the Statistical Societies.
This interview took place at Carnegie Mellon University in November 2017.
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neuroscience, academic life, statistical narrative.
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A Conversation with Noel Cressie

Christopher K. Wikle and Jay M. Ver Hoef

Abstract. Noel Cressie, FAA is Director of the Centre for Environmental
Informatics in the National Institute for Applied Statistics Research Aus-
tralia (NIASRA) and Distinguished Professor in the School of Mathemat-
ics and Applied Statistics at the University of Wollongong, Australia. He
is also Adjunct Professor at the University of Missouri (USA), Affiliate of
Org 398, Science Data Understanding, at NASA’s Jet Propulsion Labora-
tory (USA), and a member of the Science Team for NASA’s Orbiting Car-
bon Observatory-2 (OCO-2) satellite. Cressie was awarded a B.Sc. with
First Class Honours in Mathematics in 1972 from the University of West-
ern Australia, and an M.A. and Ph.D. in Statistics in 1973 and 1975, re-
spectively, from Princeton University (USA). Two brief postdoctoral pe-
riods followed, at the Centre de Morphologie Mathématique, ENSMP, in
Fontainebleau (France) from April 1975-September 1975, and at Imperial
College, London (UK) from September 1975-January 1976. His past ap-
pointments have been at The Flinders University of South Australia from
1976-1983, at Iowa State University (USA) from 1983-1998, and at The
Ohio State University (USA) from 1998-2012. He has authored or co-
authored four books and more than 280 papers in peer-reviewed outlets, cov-
ering areas that include spatial and spatio-temporal statistics, environmen-
tal statistics, empirical-Bayesian and Bayesian methods including sequential
design, goodness-of-fit, and remote sensing of the environment. Many of his
papers also address important questions in the sciences. Cressie is a Fellow
of the Australian Academy of Science, the American Statistical Association,
the Institute of Mathematical Statistics, and the Spatial Econometrics Asso-
ciation, and he is an Elected Member of the International Statistical Institute.
Noel Cressie’s refereed, unrefereed, and other publications are available at:
https://niasra.uow.edu.au/cei/people/UOW?232444 html.
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