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Interpreting p-Values and Confidence
Intervals Using Well-Calibrated Null
Preference Priors
Michael P. Fay, Michael A. Proschan, Erica H. Brittain and Ram Tiwari

Abstract. We propose well-calibrated null preference priors for use with
one-sided hypothesis tests, such that resulting Bayesian and frequentist infer-
ences agree. Null preference priors mean that they have nearly 100% of their
prior belief in the null hypothesis, and well-calibrated priors mean that the
resulting posterior beliefs in the alternative hypothesis are not overconfident.
This formulation expands the class of problems giving Bayes-frequentist
agreement to include problems involving discrete distributions such as bi-
nomial and negative binomial one- and two-sample exact (i.e., valid) tests.
When applicable, these priors give posterior belief in the null hypothesis that
is a valid p-value, and the null preference prior emphasizes that large p-
values may simply represent insufficient data to overturn prior belief. This
formulation gives a Bayesian interpretation of some common frequentist
tests, as well as more intuitively explaining lesser known and less straight-
forward confidence intervals for two-sample tests.

Key words and phrases: Bayesian calibration, Bayesian hypothesis testing,
frequentist matching priors, objective priors, probability matching priors.
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A 37 1–71. MR0440747

BAYARRI, M. J. and BERGER, J. O. (2004). The interplay of Bayesian
and frequentist analysis. Statist. Sci. 19 58–80. MR2082147
https://doi.org/10.1214/088342304000000116

BENJAMIN, D. J., BERGER, J. O., JOHANNESSON, M.,
NOSEK, B. A., WAGENMAKERS, E.-J., BERK, R.,
BOLLEN, K. A., BREMBS, B., BROWN, L. et al. (2018).
Redefine statistical significance. Nat. Hum. Behav. 2 6–10.

BERGER, J. O. (1985). Statistical Decision Theory and Bayesian
Analysis, 2nd ed. Springer Series in Statistics. Springer, New York.
MR0804611 https://doi.org/10.1007/978-1-4757-4286-2

BERGER, J. O. (2003). Could Fisher, Jeffreys and Neyman
have agreed on testing? Statist. Sci. 18 1–32. MR1997064
https://doi.org/10.1214/ss/1056397485

BERGER, J. O., BERNARDO, J. M. and SUN, D. (2009). The
formal definition of reference priors. Ann. Statist. 37 905–938.
MR2502655 https://doi.org/10.1214/07-AOS587

BERGER, R. L. and BOOS, D. D. (1994). P values maximized over
a confidence set for the nuisance parameter. J. Amer. Statist. Assoc.
89 1012–1016. MR1294746

BERGER, J. O. and DELAMPADY, M. (1987). Testing precise hypothe-
ses. Statist. Sci. 2 317–335. MR0920141

BERGER, J. O. and SELLKE, T. (1987). Testing a point null hypoth-
esis: Irreconcilability of P values and evidence. J. Amer. Statist.
Assoc. 82 112–139. MR0883340

BERNARDO, J. M. (2011). Integrated objective Bayesian estima-
tion and hypothesis testing. In Bayesian Statistics 9 1–68. Oxford
Univ. Press, Oxford. MR3204001 https://doi.org/10.1093/acprof:
oso/9780199694587.003.0001

BIRNBAUM, A. (1962). On the foundations of statistical inference. J.
Amer. Statist. Assoc. 57 269–326. MR0138176

CARLIN, B. P. and LOUIS, T. A. (2009). Bayesian Methods for Data
Analysis, 3rd ed. Texts in Statistical Science Series. CRC Press,
Boca Raton, FL. MR2442364

Michael P. Fay is Mathematical Statisticians at the Biostatistics Research Branch, National Institute of Allergy and Infectious
Diseases, 5601 Fishers Lane, Rockville, Maryland 20852 USA (e-mail: mfay@niaid.nih.gov). Michael A. Proschan is Mathematical
Statisticians at the Biostatistics Research Branch, National Institute of Allergy and Infectious Diseases, 5601 Fishers Lane,
Rockville, Maryland 20852 USA (e-mail: proscham@niaid.nih.gov). Erica H. Brittain is Mathematical Statisticians at the
Biostatistics Research Branch, National Institute of Allergy and Infectious Diseases, 5601 Fishers Lane, Rockville, Maryland 20852
USA (e-mail: ebrittain@niaid.nih.gov). Ram Tiwari is Head of Statistical Methodology, Bristol Myers Squibb, Global Biometrics
and Data Sciences, Bristol Myers Squibb, 3401 Princeton Pike, Lawrence Township, New Jersey, 08648 USA (e-mail:
Ram.Tiwari@bms.com).

https://imstat.org/journals-and-publications/statistical-science/
https://doi.org/10.1214/21-STS833
https://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0269016
http://www.ams.org/mathscinet-getitem?mr=0440747
http://www.ams.org/mathscinet-getitem?mr=2082147
https://doi.org/10.1214/088342304000000116
http://www.ams.org/mathscinet-getitem?mr=0804611
https://doi.org/10.1007/978-1-4757-4286-2
http://www.ams.org/mathscinet-getitem?mr=1997064
https://doi.org/10.1214/ss/1056397485
http://www.ams.org/mathscinet-getitem?mr=2502655
https://doi.org/10.1214/07-AOS587
http://www.ams.org/mathscinet-getitem?mr=1294746
http://www.ams.org/mathscinet-getitem?mr=0920141
http://www.ams.org/mathscinet-getitem?mr=0883340
http://www.ams.org/mathscinet-getitem?mr=3204001
https://doi.org/10.1093/acprof:oso/9780199694587.003.0001
http://www.ams.org/mathscinet-getitem?mr=0138176
http://www.ams.org/mathscinet-getitem?mr=2442364
mailto:mfay@niaid.nih.gov
mailto:proscham@niaid.nih.gov
mailto:ebrittain@niaid.nih.gov
mailto:Ram.Tiwari@bms.com
https://doi.org/10.1093/acprof:oso/9780199694587.003.0001


CASELLA, G. and BERGER, R. L. (1987a). Reconciling Bayesian
and frequentist evidence in the one-sided testing problem. J. Amer.
Statist. Assoc. 82 106–111, 123–139. MR0883339

CASELLA, G. and BERGER, R. L. (1987b). Comment on ’Testing pre-
cise hypotheses’ by Berger and Delampady. Statist. Sci. 2 344–347.

CASELLA, G. and BERGER, R. L. (2002). Statistical Inference. 2nd
ed. Duxbury, N. Scituate.

CLOPPER, C. and PEARSON, E. S. (1934). The use of confidence or
fiducial limits illustrated in the case of the binomial. Biometrika 26
404–413.

COX, D. R. (1958). Some problems connected with statistical infer-
ence. Ann. Math. Stat. 29 357–372. MR0094890 https://doi.org/10.
1214/aoms/1177706618

DATTA, G. S. and MUKERJEE, R. (2004). Probability Matching
Priors: Higher Order Asymptotics. Lecture Notes in Statistics
178. Springer, New York. MR2053794 https://doi.org/10.1007/
978-1-4612-2036-7

DATTA, G. S. and SWEETING, T. J. (2005). Probability matching
priors. In Bayesian Thinking: Modeling and Computation. Hand-
book of Statist. 25 91–114. Elsevier/North-Holland, Amsterdam.
MR2490523 https://doi.org/10.1016/S0169-7161(05)25003-4

DAWID, A. P. (1982). The well-calibrated Bayesian. J. Amer. Statist.
Assoc. 77 605–613. MR0675887

FAY, M. P. and HUNSBERGER, S. A. (2021). Practical valid infer-
ences for the two-sample binomial problem. Stat. Surv. 15 72–110.
MR4255287 https://doi.org/10.1214/21-ss131

FAY, M. P., PROSCHAN, M. A. and BRITTAIN, E. (2015). Combining
one-sample confidence procedures for inference in the two-sample
case. Biometrics 71 146–156. MR3335359 https://doi.org/10.1111/
biom.12231

FAY, M. P., PROSCHAN, M. A., BRITTAIN, E. H. and TI-
WARI, R. (2022). Supplement to “Interpreting p-Values and Con-
fidence Intervals Using Well-Calibrated Null Preference Priors.”
https://doi.org/10.1214/21-STS833SUPP

FREEDMAN, B. (1987). Equipoise and the ethics of clinical research.
N. Engl. J. Med. 317 141–145.

FREEDMAN, L. S. (2008). An analysis of the controversy over classi-
cal one-sided tests. Clin. Trials 5 635–640.

GELMAN, A., SIMPSON, D. and BETANCOURT, M. (2017). The prior
can often only be understood in the context of the likelihood. En-
tropy 19 555.

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

GHOSH, M. (2011). Objective priors: An introduction for frequen-
tists. Statist. Sci. 26 187–202. MR2858380 https://doi.org/10.1214/
10-STS338

GREENLAND, S. (2016). The ASA guidelines and null bias in current
teaching and practice. Amer. Statist. 70 10.

GREENLAND, S., SENN, S. J., ROTHMAN, K. J., CARLIN, J. B.,
POOLE, C., GOODMAN, S. N. and ALTMAN, D. G. (2016). Sta-
tistical tests, p values, confidence intervals, and power: A guide to
misinterpretations. Eur. J. Epidemiol. 31 337–350.

HANNIG, J., IYER, H., LAI, R. C. S. and LEE, T. C. M. (2016).
Generalized fiducial inference: A review and new results. J. Amer.
Statist. Assoc. 111 1346–1361. MR3561954 https://doi.org/10.
1080/01621459.2016.1165102

IOANNIDIS, J. P. A. (2005). Why most published research findings are
false. PLoS Med. 2 e124.

KASS, R. E. and RAFTERY, A. E. (1995). Bayes factors. J. Amer.
Statist. Assoc. 90 773–795. MR3363402 https://doi.org/10.1080/
01621459.1995.10476572

KLEIJN, B. J. K. and VAN DER VAART, A. W. (2012). The Bernstein-
Von-Mises theorem under misspecification. Electron. J. Stat. 6
354–381. MR2988412 https://doi.org/10.1214/12-EJS675

LINDLEY, D. V. (1957). Binomial sampling schemes and the
concept of information. Biometrika 44 179–186. MR0087273
https://doi.org/10.1093/biomet/44.1-2.179

LINDLEY, D. V. (1958). Fiducial distributions and Bayes’ theorem. J.
Roy. Statist. Soc. Ser. B 20 102–107. MR0095550

LITTLE, R. J. (2006). Calibrated Bayes: A Bayes/frequentist roadmap.
Amer. Statist. 60 213–223. MR2246754 https://doi.org/10.1198/
000313006X117837

MAYO, D. G. (2014). On the Birnbaum argument for the strong
likelihood principle. Statist. Sci. 29 227–239. MR3264534
https://doi.org/10.1214/13-STS457

MENG, X.-L. (1994). Posterior predictive p-values. Ann. Statist. 22
1142–1160. MR1311969 https://doi.org/10.1214/aos/1176325622

MORRIS, C. N. (1982). Natural exponential families with quadratic
variance functions. Ann. Statist. 10 65–80. MR0642719

MORRIS, C. (1987). Testing a point null hypothesis: The irreconcil-
ability of p values and evidence: Comment. J. Amer. Statist. Assoc.
82 131–133.

PEÑA, V. and BERGER, J. O. (2017). ‘A note on recent criticisms to
Birnbaum’s theorem’. Available at arXiv:1711.08093v1.

RIPAMONTI, E., LLOYD, C. and QUATTO, P. (2017). Contemporary
frequentist views of the 2 × 2 binomial trial. Statist. Sci. 32 600–
615. MR3730524 https://doi.org/10.1214/17-STS627

ROBERT, C. P. (2007). The Bayesian Choice: From Decision-
Theoretic Foundations to Computational Implementation, 2nd ed.
Springer Texts in Statistics. Springer, New York. MR2723361

RÖHMEL, J. (2005). Problems with existing procedures to calcu-
late exact unconditional p-values for non-inferiority/superiority
and confidence intervals for two binomials and how to resolve
them. Biom. J. 47 37–47. MR2135888 https://doi.org/10.1002/
bimj.200410086

ROUSSEAU, J. (2016). On the frequentist properties of Bayesian non-
parametric methods. Annu. Rev. Stat. Appl. 3 211–231.

SCHERVISH, M. J. (1996). P values: What they are and what they
are not. Amer. Statist. 50 203–206. MR1422069 https://doi.org/10.
2307/2684655

SPIEGELHALTER, D. J., FREEDMAN, L. S. and PARMAR, M. K. B.
(1994). Bayesian approaches to randomized trials. J. Roy. Statist.
Soc. Ser. A 157 357–416. MR1321308 https://doi.org/10.2307/
2983527

STEVENS, W. L. (1950). Fiducial limits of the parameter of a
discontinuous distribution. Biometrika 37 117–129. MR0035955
https://doi.org/10.1093/biomet/37.1-2.117

VAN DER VAART, A. W. (1998). Asymptotic Statistics. Cambridge
Series in Statistical and Probabilistic Mathematics 3. Cam-
bridge Univ. Press, Cambridge. MR1652247 https://doi.org/10.
1017/CBO9780511802256

VERONESE, P. and MELILLI, E. (2015). Fiducial and confidence dis-
tributions for real exponential families. Scand. J. Stat. 42 471–484.
MR3345116 https://doi.org/10.1111/sjos.12117

VERONESE, P. and MELILLI, E. (2018). Fiducial, confidence and
objective Bayesian posterior distributions for a multidimensional
parameter. J. Statist. Plann. Inference 195 153–173. MR3760845
https://doi.org/10.1016/j.jspi.2017.09.015

WAGENMAKERS, E.-J., LODEWYCKX, T., KURIYAL, H. and GRAS-
MAN, R. (2010). Bayesian hypothesis testing for psychologists:
A tutorial on the Savage–Dickey method. Cogn. Psychol. 60 158–
189.

WANG, W. (2010). On construction of the smallest one-sided confi-
dence interval for the difference of two proportions. Ann. Statist.
38 1227–1243. MR2604711 https://doi.org/10.1214/09-AOS744

http://www.ams.org/mathscinet-getitem?mr=0883339
http://www.ams.org/mathscinet-getitem?mr=0094890
https://doi.org/10.1214/aoms/1177706618
http://www.ams.org/mathscinet-getitem?mr=2053794
https://doi.org/10.1007/978-1-4612-2036-7
http://www.ams.org/mathscinet-getitem?mr=2490523
https://doi.org/10.1016/S0169-7161(05)25003-4
http://www.ams.org/mathscinet-getitem?mr=0675887
http://www.ams.org/mathscinet-getitem?mr=4255287
https://doi.org/10.1214/21-ss131
http://www.ams.org/mathscinet-getitem?mr=3335359
https://doi.org/10.1111/biom.12231
https://doi.org/10.1214/21-STS833SUPP
http://www.ams.org/mathscinet-getitem?mr=3235677
http://www.ams.org/mathscinet-getitem?mr=2858380
https://doi.org/10.1214/10-STS338
http://www.ams.org/mathscinet-getitem?mr=3561954
https://doi.org/10.1080/01621459.2016.1165102
http://www.ams.org/mathscinet-getitem?mr=3363402
https://doi.org/10.1080/01621459.1995.10476572
http://www.ams.org/mathscinet-getitem?mr=2988412
https://doi.org/10.1214/12-EJS675
http://www.ams.org/mathscinet-getitem?mr=0087273
https://doi.org/10.1093/biomet/44.1-2.179
http://www.ams.org/mathscinet-getitem?mr=0095550
http://www.ams.org/mathscinet-getitem?mr=2246754
https://doi.org/10.1198/000313006X117837
http://www.ams.org/mathscinet-getitem?mr=3264534
https://doi.org/10.1214/13-STS457
http://www.ams.org/mathscinet-getitem?mr=1311969
https://doi.org/10.1214/aos/1176325622
http://www.ams.org/mathscinet-getitem?mr=0642719
http://arxiv.org/abs/arXiv:1711.08093v1
http://www.ams.org/mathscinet-getitem?mr=3730524
https://doi.org/10.1214/17-STS627
http://www.ams.org/mathscinet-getitem?mr=2723361
http://www.ams.org/mathscinet-getitem?mr=2135888
https://doi.org/10.1002/bimj.200410086
http://www.ams.org/mathscinet-getitem?mr=1422069
https://doi.org/10.2307/2684655
http://www.ams.org/mathscinet-getitem?mr=1321308
https://doi.org/10.2307/2983527
http://www.ams.org/mathscinet-getitem?mr=0035955
https://doi.org/10.1093/biomet/37.1-2.117
http://www.ams.org/mathscinet-getitem?mr=1652247
https://doi.org/10.1017/CBO9780511802256
http://www.ams.org/mathscinet-getitem?mr=3345116
https://doi.org/10.1111/sjos.12117
http://www.ams.org/mathscinet-getitem?mr=3760845
https://doi.org/10.1016/j.jspi.2017.09.015
http://www.ams.org/mathscinet-getitem?mr=2604711
https://doi.org/10.1214/09-AOS744
https://doi.org/10.1214/aoms/1177706618
https://doi.org/10.1007/978-1-4612-2036-7
https://doi.org/10.1111/biom.12231
https://doi.org/10.1214/10-STS338
https://doi.org/10.1080/01621459.2016.1165102
https://doi.org/10.1080/01621459.1995.10476572
https://doi.org/10.1198/000313006X117837
https://doi.org/10.1002/bimj.200410086
https://doi.org/10.2307/2684655
https://doi.org/10.2307/2983527
https://doi.org/10.1017/CBO9780511802256


WASSERSTEIN, R. L. and LAZAR, N. A. (2016). The ASA’s state-
ment on p-values: Context, process, and purpose. Amer. Statist.
70 129–133. MR3511040 https://doi.org/10.1080/00031305.2016.
1154108

WASSERSTEIN, R. L. SCHIRM, A. L. and LAZAR, N. A. (2019).
Moving to a world beyond “p < 0.05”. Amer. Statist. 73 1–19.

WELCH, B. L. and PEERS, H. W. (1963). On formulae for confidence
points based on integrals of weighted likelihoods. J. Roy. Statist.
Soc. Ser. B 25 318–329. MR0173309

XIE, M. and SINGH, K. (2013). Confidence distribution, the frequen-
tist distribution estimator of a parameter: A review. Int. Stat. Rev.
81 3–39. MR3047496 https://doi.org/10.1111/insr.12000

ZABELL, S. L. (1992). R. A. Fisher and the fiducial argument. Statist.
Sci. 7 369–387. MR1181418

ZELLNER, A. (1984). Posterior odds ratios for regression hypotheses:
General considerations and some specific results. In Basic Issues
in Econometrics (A. Zellner, ed.) 275–305. Univ. Chicago Press,
Chicago, IL.

http://www.ams.org/mathscinet-getitem?mr=3511040
https://doi.org/10.1080/00031305.2016.1154108
http://www.ams.org/mathscinet-getitem?mr=0173309
http://www.ams.org/mathscinet-getitem?mr=3047496
https://doi.org/10.1111/insr.12000
http://www.ams.org/mathscinet-getitem?mr=1181418
https://doi.org/10.1080/00031305.2016.1154108


Statistical Science
2022, Vol. 37, No. 4, 473–493
https://doi.org/10.1214/21-STS834
© Institute of Mathematical Statistics, 2022

Measurement Error Models: From
Nonparametric Methods to Deep Neural
Networks
Zhirui Hu, Zheng Tracy Ke and Jun S. Liu

Abstract. The success of deep learning has inspired a lot of recent interests
in exploiting neural network structures for statistical inference and learn-
ing. In this paper, we review some popular deep neural network structures
and techniques under the framework of nonparametric regression with mea-
surement errors. In particular, we demonstrate how to use a fully connected
feed-forward neural network to approximate the regression function f (x),
explain how to use a normalizing flow to approximate the prior distribution
of X, and detail how to construct an inference network to generate approxi-
mate posterior samples of X. After reviewing recent advances in variational
inference for deep neural networks, such as the importance weighted autoen-
coder, doubly reparametrized gradient estimator, and nonlinear independent
components estimation, we describe an inference procedure built upon these
advances. An extensive numerical study is presented to compare the neu-
ral network approach with classical nonparametric methods, which suggests
that the neural network approach is more flexible in accommodating differ-
ent classes of regression functions and performs superior or comparable to
the best available method in many settings.

Key words and phrases: Doubly reparametrized gradient estimator, error-
in-variables, fully connected feed-forward neural network, importance
weighted autoencoder, normalizing flow, SIMEX, variational autoencoder.
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High-Performance Statistical Computing in
the Computing Environments of the 2020s
Seyoon Ko, Hua Zhou, Jin J. Zhou and Joong-Ho Won

Abstract. Technological advances in the past decade, hardware and soft-
ware alike, have made access to high-performance computing (HPC) easier
than ever. We review these advances from a statistical computing perspective.
Cloud computing makes access to supercomputers affordable. Deep learning
software libraries make programming statistical algorithms easy and enable
users to write code once and run it anywhere—from a laptop to a worksta-
tion with multiple graphics processing units (GPUs) or a supercomputer in a
cloud. Highlighting how these developments benefit statisticians, we review
recent optimization algorithms that are useful for high-dimensional models
and can harness the power of HPC. Code snippets are provided to demon-
strate the ease of programming. We also provide an easy-to-use distributed
matrix data structure suitable for HPC. Employing this data structure, we il-
lustrate various statistical applications including large-scale positron emis-
sion tomography and �1-regularized Cox regression. Our examples easily
scale up to an 8-GPU workstation and a 720-CPU-core cluster in a cloud. As
a case in point, we analyze the onset of type-2 diabetes from the UK Biobank
with 200,000 subjects and about 500,000 single nucleotide polymorphisms
using the HPC �1-regularized Cox regression. Fitting this half-million-variate
model takes less than 45 minutes and reconfirms known associations. To our
knowledge, this is the first demonstration of the feasibility of penalized re-
gression of survival outcomes at this scale.

Key words and phrases: High-performance statistical computing, graphics
processing units (GPUs), cloud computing, deep learning, MM algorithms,
ADMM, PDHG, Cox regression.
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The SPDE Approach to Matérn Fields: Graph
Representations
Daniel Sanz-Alonso and Ruiyi Yang

Abstract. This paper investigates Gaussian Markov random field approx-
imations to nonstationary Gaussian fields using graph representations of
stochastic partial differential equations. We establish approximation error
guarantees building on the theory of spectral convergence of graph Lapla-
cians. The proposed graph representations provide a generalization of the
Matérn model to unstructured point clouds, and facilitate inference and sam-
pling using linear algebra methods for sparse matrices. In addition, they
bridge and unify several models in Bayesian inverse problems, spatial statis-
tics and graph-based machine learning. We demonstrate through examples in
these three disciplines that the unity revealed by graph representations facil-
itates the exchange of ideas across them.

Key words and phrases: Gauss Matérn fields, Gaussian Markov random
fields, graph Laplacians, latent Gaussian models, stochastic partial differen-
tial equations.
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The Covariate-Adjusted ROC Curve: The
Concept and Its Importance, Review of
Inferential Methods, and a New Bayesian
Estimator
Vanda Inácio and María Xosé Rodríguez-Álvarez

Abstract. Accurate diagnosis of disease is of fundamental importance in
clinical practice and medical research. Before a medical diagnostic test is
routinely used in practice, its ability to distinguish between diseased and
nondiseased states must be rigorously assessed. The receiver operating char-
acteristic (ROC) curve is the most popular used tool for evaluating the di-
agnostic accuracy of continuous-outcome tests. It has been acknowledged
that several factors (e.g., subject-specific characteristics such as age and/or
gender) can affect the test outcomes and accuracy beyond disease status. Re-
cently, the covariate-adjusted ROC curve has been proposed and successfully
applied as a global summary measure of diagnostic accuracy that takes co-
variate information into account. The aim of this paper is three-fold. First,
we motivate the importance of including covariate-information, whenever
available, in ROC analysis and, in particular, how the covariate-adjusted
ROC curve is an important tool in this context. Second, we review and pro-
vide insight on the existing approaches for estimating the covariate-adjusted
ROC curve. Third, we develop a highly flexible Bayesian method, based on
the combination of a Dirichlet process mixture of additive normal models
and the Bayesian bootstrap, for conducting inference about the covariate-
adjusted ROC curve. A simulation study is conducted to assess the perfor-
mance of the different methods and it also demonstrates the ability of our
proposed Bayesian model to successfully recover the true covariate-adjusted
ROC curve and to produce valid inferences in a variety of complex scenarios.
The methods are applied to an endocrine study where the goal is to assess the
accuracy of the body mass index, adjusted for age and gender, for detecting
clusters of cardiovascular disease risk factors.

Key words and phrases: Classification accuracy, covariate-adjustment, de-
cision threshold, diagnostic test, Dirichlet process (mixture) model, receiver
operating characteristic curve.
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A Regression Perspective on Generalized
Distance Covariance and the Hilbert–Schmidt
Independence Criterion
Dominic Edelmann and Jelle Goeman

Abstract. In a seminal paper, Sejdinovic et al. (Ann. Statist. 41 (2013)
2263–2291) showed the equivalence of the Hilbert–Schmidt Independence
Criterion (HSIC) and a generalization of distance covariance. In this paper,
the two notions of dependence are unified with a third prominent concept
for independence testing, the “global test” introduced in (J. R. Stat. Soc. Ser.
B. Stat. Methodol. 68 (2006) 477–493). The new viewpoint provides novel
insights into all three test traditions, as well as a unified overall view of the
way all three tests contrast with classical association tests. As our main re-
sult, a regression perspective on HSIC and generalized distance covariance
is obtained, allowing such tests to be used with nuisance covariates or for
survival data. Several more examples of cross-fertilization of the three tra-
ditions are provided, involving theoretical results and novel methodology.
To illustrate the difference between classical statistical tests and the unified
HSIC/distance covariance/global tests we investigate the case of association
between two categorical variables in depth.

Key words and phrases: Distance covariance, distance correlation, Hilbert–
Schmidt Independence Criterion, global test, equivalence, locally most pow-
erful.
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Methods to Compute Prediction Intervals:
A Review and New Results
Qinglong Tian, Daniel J. Nordman and William Q. Meeker

Abstract. The purpose of this paper is to review both classic and modern
methods for constructing prediction intervals. We focus, primarily, on model-
based non-Bayesian methods for the prediction of a scalar random variable,
but we also include Bayesian methods with objective prior distributions. Our
review of non-Bayesian methods follows two lines: general methods based
on (approximate) pivotal quantities and methods based on non-Bayesian pre-
dictive distributions. The connection between these two types of methods is
described for distributions in the (log-)location-scale family. We also discuss
extending the general prediction methods to data with complicated depen-
dence structures as well as some nonparametric prediction methods (e.g.,
conformal prediction).

Key words and phrases: Bootstrap, calibration, coverage probability, pre-
diction interval, predictive distribution.
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Approximate Confidence Intervals for a
Binomial p—Once Again
Per Gösta Andersson

Abstract. The problem of constructing a reasonably simple yet well-
behaved confidence interval for a binomial parameter p is old but still fasci-
nating and surprisingly complex. During the last century, many alternatives
to the poorly behaved standard Wald interval have been suggested. It seems
though that the Wald interval is still much in use in spite of many efforts
over the years through publications to point out its deficiencies. This paper
constitutes yet another attempt to provide an alternative and it builds on a
special case of a general technique for adjusted intervals primarily based
on Wald type statistics. The main idea is to construct an approximate pivot
with uncorrelated, or nearly uncorrelated, components. The resulting AN
(Andersson–Nerman) interval, as well as a modification thereof, is compared
with the well-renowned Wilson and AC (Agresti–Coull) intervals and the
subsequent discussion will in itself hopefully shed some new light on this
seemingly elementary interval estimation situation. Generally, an alternative
to the Wald interval is to be judged not only by performance, its expression
should also indicate why we will obtain a better behaved interval. It is argued
that the well-behaved AN interval meets this requirement.

Key words and phrases: Correlation, coverage probability, score statistic,
skewness, Wald statistic.
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A Conversation with David J. Aldous
Shankar Bhamidi

Abstract. David John Aldous was born in Exeter U.K. on July 13, 1952.
He received a B.A. and Ph.D. in Mathematics in 1973 and 1977, respectively
from Cambridge. After spending two years as a research fellow at St. John’s
College, Cambridge, he joined the Department of Statistics at the University
of California, Berkeley in 1979 where he spent the rest of his academic career
until retiring in 2018. He is known for seminal contributions on many topics
within probability including weak convergence and tightness, exchangeabil-
ity, Markov chain mixing times, Poisson clumping heuristic and limit theory
for large discrete random structures including random trees, stochastic coag-
ulation and fragmentation systems, models of complex networks and inter-
acting particle systems on such structures. For his contributions to the field,
he has received numerous honors and awards including the Rollo David-
son prize in 1980, the inaugural Loeve prize in Probability in 1993, and the
Brouwer medal in 2021, and being elected as an IMS fellow in 1985, Fel-
low of the Royal Society in 1994, Fellow of the American Academy of Arts
and Sciences in 2004, elected to the National Academy of Sciences (foreign
associate) in 2010, ICM plenary speaker in 2010 and AMS fellow in 2012.

Key words and phrases: Exchangeability, Markov chain mixing times, scal-
ing limits, local weak convergence, random graphs, network models.
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Michael Lavine and Jan F. Bjørnstad

Abstract. Pawitan and Lee (Statist. Sci. 36 (2021) 509–517) attempt to
show a correspondence between confidence and likelihood, specifically, that
“confidence is in fact an extended likelihood” (Statist. Sci. 36 (2021) 509–
517, abstract). The word “extended” means that the likelihood function can
accommodate unobserved random variables such as random effects and fu-
ture values; see (J. Amer. Statist. Assoc. 91 (1996) 791–806) for details. Here,
we argue that the extended likelihood presented by (Statist. Sci. 36 (2021)
509–517) is not the correct extended likelihood and does not justify inter-
preting confidence as likelihood.
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