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The Costs and Benefits of Uniformly Valid
Causal Inference with High-Dimensional

Nuisance Parameters

Niloofar Moosavi, Jenny Haggstrom and Xavier de Luna

Abstract. Important advances have recently been achieved in developing
procedures yielding uniformly valid inference for a low dimensional causal
parameter when high-dimensional nuisance models must be estimated. In
this paper, we review the literature on uniformly valid causal inference and
discuss the costs and benefits of using uniformly valid inference procedures.
Naive estimation strategies based on regularization, machine learning, or a
preliminary model selection stage for the nuisance models have finite sample
distributions which are badly approximated by their asymptotic distributions.
To solve this serious problem, estimators which converge uniformly in distri-
bution over a class of data generating mechanisms have been proposed in the
literature. In order to obtain uniformly valid results in high-dimensional situ-
ations, sparsity conditions for the nuisance models need typically to be made,
although a double robustness property holds, whereby if one of the nuisance
model is more sparse, the other nuisance model is allowed to be less sparse.
While uniformly valid inference is a highly desirable property, uniformly
valid procedures pay a high price in terms of inflated variability. Our discus-
sion of this dilemma is illustrated by the study of a double-selection outcome
regression estimator, which we show is uniformly asymptotically unbiased,
but is less variable than uniformly valid estimators in the numerical experi-
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ments conducted.
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Abstract.

We discuss the role of misspecification and censoring on

Bayesian model selection in the contexts of right-censored survival and con-
cave log-likelihood regression. Misspecification includes wrongly assuming
the censoring mechanism to be noninformative. Emphasis is placed on ad-
ditive accelerated failure time, Cox proportional hazards and probit models.
We offer a theoretical treatment that includes local and nonlocal priors, and
a general nonlinear effect decomposition to improve power-sparsity trade-
offs. We discuss a fundamental question: what solution can one hope to
obtain when (inevitably) models are misspecified, and how to interpret it?
Asymptotically, covariates that do not have predictive power for neither the
outcome nor (for survival data) censoring times, in the sense of reducing
a likelihood-associated loss, are discarded. Misspecification and censoring
have an asymptotically negligible effect on false positives, but their impact
on power is exponential. We show that it can be advantageous to consider
simple models that are computationally practical yet attain good power to de-
tect potentially complex effects, including the use of finite-dimensional basis
to detect truly nonparametric effects. We also discuss algorithms to capitalize
on sufficient statistics and fast likelihood approximations for Gaussian-based

survival and binary models.
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On Some Connections Between Esscher’s
Tilting, Saddlepoint Approximations, and

Optimal Transportation: A Statistical
Perspective

Davide La Vecchia, Elvezio Ronchetti and Andrej llievski

Abstract. 'We showcase some unexplored connections between saddlepoint
approximations, measure transportation, and some key topics in information
theory. To bridge these different areas, we review selectively the fundamen-
tal results available in the literature and we draw the connections between
them. First, for a generic random variable we explain how the Esscher’s tilt-
ing (which is a result rooted in information theory and lies at the heart of
saddlepoint approximations) is connected to the solution of the dual Kan-
torovich problem (which lies at the heart of measure transportation theory)
via the Legendre transform of the cumulant generating function. Then, we
turn to statistics: we illustrate the connections when the random variable we
work with is the sample mean or a statistic with known (either exact or ap-
proximate) cumulant generating function. The unveiled connections offer the
possibility to look at the saddlepoint approximations from different angles,
putting under the spotlight the links to convex analysis (via the notion of
duality) or differential geometry (via the notion of geodesic). We feel these
possibilities can trigger a knowledge transfer between statistics and other
disciplines, like mathematics and machine learning. A discussion on some

topics for future research concludes the paper.

Key words and phrases:

Change of variable, Kullback-Leibler divergence,

geodesic, optimal transportation map, Wasserstein distance.
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Bayesian Adaptive Randomization with
Compound Utility Functions

Alessandra Giovagnoli and Isabella Verdinelli

Abstract. Bayesian adaptive designs formalize the use of previous knowl-
edge at the planning stage of an experiment, permitting recursive updating
of the prior information. They often make use of utility functions, while
also allowing for randomization. We review frequentist and Bayesian adap-
tive design methods and show that some of the frequentist adaptive design
methodology can also be employed in a Bayesian context. We use compound
utility functions for the Bayesian designs, that are a trade-off between an
optimal design information criterion, that represents the acquisition of sci-
entific knowledge, and some ethical or utilitarian gain. We focus on binary
response models on two groups with independent Beta prior distributions
on the success probabilities. The treatment allocation is shown to converge
to the allocation that produces the maximum utility. Special cases are the
Bayesian Randomized (simply) Adaptive Compound (BRAC) design, an ex-
tension of the frequentist Sequential Maximum Likelihood (SML) design and
the Bayesian Randomized (doubly) Adaptive Compound Efficient (BRACE)
design, a generalization of the Efficient Randomized Adaptive DEsign (ER-
ADE). Numerical simulation studies compare BRAC with BRACE when D-
optimality is the information criterion chosen. In analogy with the frequen-
tist theory, the BRACE-D design appears more efficient than the BRAC-D
design.

Key words and phrases: Bayesian designs, binary response model, doubly
adaptive designs, optimal design criteria, optimal target, utility functions.
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Double-Estimation-Friendly Inference for

High-Dimensional Misspecified Models

Rajen D. Shah and Peter Biihimann

Abstract.  All models may be wrong—but that is not necessarily a problem
for inference. Consider the standard ¢-test for the significance of a variable
X for predicting response Y while controlling for p other covariates Z in a
random design linear model. This yields correct asymptotic type I error con-
trol for the null hypothesis that X is conditionally independent of Y given Z
under an arbitrary regression model of ¥ on (X, Z), provided that a linear
regression model for X on Z holds. An analogous robustness to misspecifi-
cation, which we term the “double-estimation-friendly” (DEF) property, also
holds for Wald tests in generalised linear models, with some small modifica-
tions.

In this expository paper, we explore this phenomenon, and propose
methodology for high-dimensional regression settings that respects the DEF
property. We advocate specifying (sparse) generalised linear regression mod-
els for both Y and the covariate of interest X; our framework gives valid
inference for the conditional independence null if either of these hold. In
the special case where both specifications are linear, our proposal amounts
to a small modification of the popular debiased Lasso test. We also investi-
gate constructing confidence intervals for the regression coefficient of X via
inverting our tests; these have coverage guarantees even in partially linear
models where the contribution of Z to Y can be arbitrary. Numerical experi-
ments demonstrate the effectiveness of the methodology.

Key words and phrases:

Conditional independence, high-dimensional in-

ference, Debiased Lasso, generalised linear models, double robustness.
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Randomization-Based Test for Censored
Outcomes: A New Look at the Logrank Test

Xinran Li and Dylan S. Small

Abstract. Two-sample tests with censored outcomes are a classical topic in
statistics with wide use even in cutting edge applications. There are at least
two modes of inference used to justify two-sample tests. One is usual su-
perpopulation inference assuming that units are independent and identically
distributed (i.i.d.) samples from some superpopulation; the other is finite pop-
ulation inference that relies on the random assignments of units into different
groups. When randomization is actually implemented, the latter has the ad-
vantage of avoiding distributional assumptions on the outcomes. In this pa-
per, we focus on finite population inference for censored outcomes, which has
been less explored in the literature. Moreover, we allow the censoring time
to depend on treatment assignment, under which exact permutation inference
is unachievable. We find that, surprisingly, the usual logrank test can also be
justified by randomization. Specifically, under a Bernoulli randomized exper-
iment with noninformative i.i.d. censoring, the logrank test is asymptotically
valid for testing Fisher’s null hypothesis of no treatment effect on any unit.
The asymptotic validity of the logrank test does not require any distribu-
tional assumption on the potential event times. We further extend the theory
to the stratified logrank test, which is useful for randomized block designs
and when censoring mechanisms vary across strata. In sum, the developed
theory for the logrank test from finite population inference supplements its
classical theory from usual superpopulation inference, and helps provide a
broader justification for the logrank test.

Key words and phrases: Potential outcome, potential censoring time,
design-based inference, noninformative censoring, stratified logrank test.
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Abstract.

This is an expository article on the Poisson binomial distribution.

We review lesser known results and recent progress on this topic, includ-
ing geometry of polynomials and distribution learning. We also provide ex-
amples to illustrate the use of the Poisson binomial machinery. Some open
questions of approximating rational fractions of the Poisson binomial are pre-

sented.
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Stein’s Method Meets Computational
Statistics: A Review of Some Recent
Developments

Andreas Anastasiou, Alessandro Barp, Francois-Xavier Briol, Bruno Ebner, Robert E. Gaunt,
Fatemeh Ghaderinezhad, Jackson Gorham, Arthur Gretton, Christophe Ley, Qiang Liu,
Lester Mackey, Chris J. Oates, Gesine Reinert and Yvik Swan

Abstract.  Stein’s method compares probability distributions through the
study of a class of linear operators called Stein operators. While mainly stud-
ied in probability and used to underpin theoretical statistics, Stein’s method
has led to significant advances in computational statistics in recent years.
The goal of this survey is to bring together some of these recent develop-
ments, and in doing so, to stimulate further research into the successful field
of Stein’s method and statistics. The topics we discuss include tools to bench-
mark and compare sampling methods such as approximate Markov chain
Monte Carlo, deterministic alternatives to sampling methods, control variate
techniques, parameter estimation and goodness-of-fit testing.

Key words and phrases: Stein’s method, sample quality, approximate
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of-fit testing, maximum likelihood estimator, likelihood ratio, prior sensitiv-
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Local scale invariance and robustness of

proper scoring rules

David Bolin and Jonas Wallin

Abstract.  Averages of proper scoring rules are often used to rank proba-
bilistic forecasts. In many cases, the individual terms in these averages are
based on observations and forecasts from different distributions. We show
that some of the most popular proper scoring rules, such as the continuous
ranked probability score (CRPS), give more importance to observations with
large uncertainty, which can lead to unintuitive rankings. To describe this is-
sue, we define the concept of local scale invariance for scoring rules. A new
class of generalized proper kernel scoring rules is derived and as a member
of this class we propose the scaled CRPS (SCRPS). This new proper scor-
ing rule is locally scale invariant and, therefore, works in the case of varying
uncertainty. Like the CRPS, it is computationally available for output from
ensemble forecasts, and does not require the ability to evaluate densities of
forecasts.

We further define robustness of scoring rules, show why this also can be an
important concept for average scores unless one is specifically interested in
extremes, and derive new proper scoring rules that are robust against outliers.
The theoretical findings are illustrated in three different applications from
spatial statistics, stochastic volatility models and regression for count data.

Key words and phrases: Probabilistic forecasting, model selection, spatial

statistics, forecast ranking.

REFERENCES

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

BERG, C., CHRISTENSEN, J. P. R. and RESSEL, P. (1984). Harmonic
Analysis on Semigroups: Theory of positive definite and related
functions. Graduate Texts in Mathematics 100. Springer, New York.
MRO0747302 https://doi.org/10.1007/978-1-4612-1128-0

BERGHAUSER PONT, M., STAVROULAKI, G. and MARCUS, L.
(2019). Development of urban types based on network centrality,
built density and their impact on pedestrian movement. Environ.
Plan. B Urban Anal. City Sci. 46 1549-1564.

BERGHAUSER PONT, M., BOLIN, D., HAKANSSON, E., IVARS-
SON, O., STAVROULAKI, G. and VERENDEL, V. (2019). stepflow
— R-Shiny interface for pedestrian flow data and models. http:
//129.16.20.138:3838/stepflow/stepflow/, retrieved on January 24,
2022.

BERNARDO, J.-M. (1979). Expected information as expected utility.
Ann. Statist. 7 686—-690. MR0527503

BESSAC, J. and NAVEAU, P. (2021). Forecast score distributions with
imperfect observations. Adv. Stat. Climatol. Meteorol. Oceanogr. 7
53-71.

Boyp, S.
mization.

and VANDENBERGHE, L. (2004). Convex Opti-
Cambridge Univ. Press, Cambridge. MR2061575

https://doi.org/10.1017/CB0O9780511804441

BRIER, G. W. etal. (1950). Verification of forecasts expressed in terms
of probability. Mon. Weather Rev. 78 1-3.

BROCKER, J. (2012). Evaluating raw ensembles with the continuous
ranked probability score. Q. J. R. Meteorol. Soc. 138 1611-1617.

CAMPBELL, S. D. and DIEBOLD, F. X. (2005). Weather forecast-
ing for weather derivatives. J. Amer. Statist. Assoc. 100 6-16.
MR2166065 https://doi.org/10.1198/016214504000001051

CANDILLE, G. and TALAGRAND, O. (2005). Evaluation of proba-
bilistic prediction systems for a scalar variable. Q. J. R. Meteorol.
Soc. 131 2131-2150.

DAWID, A. P. (1998). Coherent Measures of Discrepancy, Uncertainty
and Dependence, with Applications to Bayesian Predictive Experi-
mental Design Technical Report No. 139.

DAWID, A. P. (2007). The geometry of proper scoring rules. Ann.
Inst. Statist. Math. 59 77-93. MR2396033 https://doi.org/10.1007/
$10463-006-0099-8

DAawID, A. P. and Musio, M. (2014). Theory and applica-
tions of proper scoring rules. Metron 72 169-183. MR3233147
https://doi.org/10.1007/s40300-014-0039-y

DAwiID, A. P.,, MuUsIO, M. and VENTURA, L. (2016). Minimum
scoring rule inference. Scand. J. Stat. 43 123—-138. MR3466997
https://doi.org/10.1111/sjos.12168

David Bolin is Associate Professor, King Abdullah University of Science and Technology, Thuwal, Saudi Arabia (e-mail:
david.bolin @kaust.edu.sa). Jonas Wallin is Associate Professor, Lund University, Lund, Sweden (e-mail: jonas.wallin@stat.lu.se).


https://imstat.org/journals-and-publications/statistical-science/
https://doi.org/10.1214/22-STS864
https://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3481324
https://doi.org/10.1002/env.2380
http://www.ams.org/mathscinet-getitem?mr=0747302
https://doi.org/10.1007/978-1-4612-1128-0
http://129.16.20.138:3838/stepflow/stepflow/
http://www.ams.org/mathscinet-getitem?mr=0527503
http://www.ams.org/mathscinet-getitem?mr=2061575
https://doi.org/10.1017/CBO9780511804441
http://www.ams.org/mathscinet-getitem?mr=2166065
https://doi.org/10.1198/016214504000001051
http://www.ams.org/mathscinet-getitem?mr=2396033
https://doi.org/10.1007/s10463-006-0099-8
http://www.ams.org/mathscinet-getitem?mr=3233147
https://doi.org/10.1007/s40300-014-0039-y
http://www.ams.org/mathscinet-getitem?mr=3466997
https://doi.org/10.1111/sjos.12168
mailto:david.bolin@kaust.edu.sa
mailto:jonas.wallin@stat.lu.se
http://129.16.20.138:3838/stepflow/stepflow/
https://doi.org/10.1007/s10463-006-0099-8

DAWID, A. P. and SEBASTIANI, P. (1999). Coherent dispersion cri-
teria for optimal experimental design. Ann. Statist. 27 65-81.
MR1701101 https://doi.org/10.1214/a0s/1018031101

DEscaAMmPs, L., LABADIE, C., JOLY, A., BAZILE, E., ARBOGAST, P.
and CEBRON, P. (2015). PEARP, the Météo-France short-range en-
semble prediction system. Q. J. R. Meteorol. Soc. 141 1671-1685.

DIEBOLD, F. X. and MARIANO, R. S. (1995). Comparing predictive
accuracy. J. Bus. Econom. Statist. 13 253-263.

EFRON, B. (1991). Regression percentiles using asymmetric squared
error loss. Statist. Sinica 1 93-125. MR1101317

FUGLSTAD, G.-A., SIMPSON, D., LINDGREN, F. and RUE, H.
(2015). Does non-stationary spatial data always require non-
stationary random fields? Spat. Stat. 14 505-531. MR3431054
https://doi.org/10.1016/j.spasta.2015.10.001

GARRATT, A., LEE, K., PESARAN, M. H. and SHIN, Y. (2003).
Forecast uncertainties in macroeconomic modeling: An applica-
tion to the U.K. economy. J. Amer. Statist. Assoc. 98 829-838.
MR2055491 https://doi.org/10.1198/016214503000000765

GNEITING, T., BALABDAOUI, F. and RAFTERY, A. E. (2007). Prob-
abilistic forecasts, calibration and sharpness. J. R. Stat. Soc. Ser. B.
Stat. Methodol. 69 243-268. MR2325275 https://doi.org/10.1111/
j-1467-9868.2007.00587.x

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

GNEITING, T. and RANJAN, R. (2011). Comparing density fore-
casts using threshold- and quantile-weighted scoring rules. J. Bus.
Econom. Statist. 29 411-422. MR2848512 https://doi.org/10.1198/
jbes.2010.08110

GooD, I. J. (1952). Rational decisions. J. Roy. Statist. Soc. Ser. B 14
107-114. MR0077033

HAGELIN, S., SON, J., SWINBANK, R., MCCABE, A., ROBERTS, N.
and TENNANT, W. (2017). The Met Office convective-scale ensem-
ble, MOGREPS-UK. Q. J. R. Meteorol. Soc. 143 2846-2861.

HAIDEN, T., JANOUSEK, M., VITART, F., FERRANTI, L. and
PRATES, F. (2019). Evaluation of ECMWF forecasts, includ-
ing the 2019 upgrade Technical Memo No. 853 ECMWE
https://doi.org/10.21957/mlvapkke

HAMPEL, F. R. (1974). The influence curve and its role in robust esti-
mation. J. Amer. Statist. Assoc. 69 383-393. MR0362657

HEATON, M. J., DATTA, A., FINLEY, A. O., FURRER, R., GUIN-
NESS, J., GUHANIYOGI, R., GERBER, F., GRAMACY, R. B.,
HAMMERLING, D. et al. (2019). A Case Study Competition
Among Methods for Analyzing Large Spatial Data. J. Agric. Biol.
Environ. Stat. 24 398-425.

HILLIER, B., PENN, A., HANSON, J., GRAJEWSKI, T. and XU, J.
(1993). Natural movement: Or, configuration and attraction in ur-
ban pedestrian movement. Environ. Plan. B, Plan. Des. 20 29-66.

HYVARINEN, A. (2005). Estimation of non-normalized statistical
models by score matching. J. Mach. Learn. Res. 6 695-700.
MR2249836

INGEBRIGTSEN, R., LINDGREN, F., STEINSLAND, I. and MAR-
TINO, S. (2015). Estimation of a non-stationary model for annual
precipitation in southern Norway using replicates of the spatial
field. Spat. Stat. 14 338-364. MR3431045 https://doi.org/10.1016/
j-spasta.2015.07.003

JUUTILAINEN, 1., TAMMINEN, S. and RONING, J. (2012). Ex-
ceedance probability score: A novel measure for comparing proba-
bilistic predictions. J. Stat. Theory Pract. 6 452-467. MR3196559
https://doi.org/10.1080/15598608.2012.695663

LEHMANN, E. L. (1997). Theory of Point Estimation. Springer, New
York. Reprint of the 1983 original. MR1451376

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

LERCH, S., THORARINSDOTTIR, T. L., RAVvAZZOLO, F. and GNEIT-
ING, T. (2017). Forecaster’s dilemma: Extreme events and forecast
evaluation. Statist. Sci. 32 106—-127. MR3634309 https://doi.org/10.
1214/16-STS588

DEGROOT, M. H. and FIENBERG, S. E. (1983). The comparison and
evaluation of forecasters. J. R. Stat. Soc., Ser. D, Stat. 32 12-22.

MOYEED, R. A. and PAPRITZ, A. (2002). An empirical compar-
ison of kriging methods for nonlinear spatial point prediction.
Math. Geol. 34 365-386. MR1951788 https://doi.org/10.1023/A:
1015085810154

MURPHY, A. H. (1972). Scalar and vector partitions of the probability
score: Part I. Two-state situation. J. Appl. Meteorol. 11 273-282.

MURPHY, A. H. (1973). Hedging and Skill Scores for Probability
Forecasts. J. Appl. Meteorol. 12 215-223.

NOLDE, N. and ZIEGEL, J. F. (2017). Elicitability and backtesting:
Perspectives for banking regulation. Ann. Appl. Stat. 11 1833—
1874. MR3743276 https://doi.org/10.1214/17- AOAS 1041

NOWOTARSKI, J. and WERON, R. (2018). Recent advances in elec-
tricity price forecasting: A review of probabilistic forecasting. Re-
new. Sustain. Energy Rev. 81 1548-1568.

OPSCHOOR, A., VAN DIK, D. and VAN DER WEL, M. (2017).
Combining density forecasts using focused scoring rules. J. Appl.
Econometrics 32 1298-1313. MR3734489 https://doi.org/10.1002/
jae.2575

PALMER, T. N. (2002). The economic value of ensemble forecasts as
a tool for risk assessment: From days to decades. Q. J. R. Meteorol.
Soc. 128 747-774.

PARRY, M., DAwID, A. P. and LAURITZEN, S. (2012). Proper
local scoring rules. Ann. Statist. 40 561-592. MR3014317
https://doi.org/10.1214/12- AOS971

PATTON, A. J. (2011). Volatility forecast comparison using imper-
fect volatility proxies. J. Econometrics 160 246-256. MR2745881
https://doi.org/10.1016/j.jeconom.2010.03.034

ROULSTON, M. S. and SMITH, L. A. (2003). Combining dynamical
and statistical ensembles. Tellus, Ser. A Dyn. Meteorol. Oceanogr.
55 16-30.

SELTEN, R. (1998). Axiomatic characterization of the quadratic scor-
ing rule. Exp. Econ. 1 43-61.

SHEPHARD, N. (1994). Partial non-Gaussian state space. Biometrika
81 115-131. MR1279661 https://doi.org/10.1093/biomet/81.1.115

STAVROULAKI, G., BOLIN, D., BERGHAUSER PONT, M., MAR-
cus, L. and HAKANSSON, E. (2019). Statistical Modelling and
Analysis of Big Data on Pedestrian Movement. In Proceedings of
the 12th Space Syntax Symposium 1-24.

TAILLARDAT, M., FOUGERES, A.-L., NAVEAU, P. and DE FONDEV-
ILLE, R. (2019). Extreme events evaluation using CRPS distribu-
tions. Preprint. Available at arXiv:1905.04022.

TODTER, J. and AHRENS, B. (2012). Generalization of the ignorance
score: Continuous ranked version and its decomposition. Mon.
Weather Rev. 140 2005-2017.

VENABLES, W. N. and RIPLEY, B. D. (2002). Modern Applied Statis-
tics with S, 4th ed. Springer, New York.

WILKS, D. S. (2005). Statistical Methods in the Atmospheric Sci-
ences: An Introduction. Elsevier Science and Technology, Burling-
ton.

WINKLER, R. L. (1996). Scoring rules and the evaluation of probabil-
ities. TEST 5 1-60. With comments and a rejoinder by the author.
MR1410455 https://doi.org/10.1007/BF02562681

ZIMMERMAN, D. L. and STEIN, M. (2010). Classical Geostatistical
Methods. In Handbook of Spatial Statistics. Chapman & Hall/CRC
Handb. Mod. Stat. Methods 517-539. CRC Press, Boca Raton, FL.
MR2730964 https://doi.org/10.1201/9781420072884-c29


http://www.ams.org/mathscinet-getitem?mr=1701101
https://doi.org/10.1214/aos/1018031101
http://www.ams.org/mathscinet-getitem?mr=1101317
http://www.ams.org/mathscinet-getitem?mr=3431054
https://doi.org/10.1016/j.spasta.2015.10.001
http://www.ams.org/mathscinet-getitem?mr=2055491
https://doi.org/10.1198/016214503000000765
http://www.ams.org/mathscinet-getitem?mr=2325275
https://doi.org/10.1111/j.1467-9868.2007.00587.x
http://www.ams.org/mathscinet-getitem?mr=2345548
https://doi.org/10.1198/016214506000001437
http://www.ams.org/mathscinet-getitem?mr=2848512
https://doi.org/10.1198/jbes.2010.08110
http://www.ams.org/mathscinet-getitem?mr=0077033
https://doi.org/10.21957/mlvapkke
http://www.ams.org/mathscinet-getitem?mr=0362657
http://www.ams.org/mathscinet-getitem?mr=2249836
http://www.ams.org/mathscinet-getitem?mr=3431045
https://doi.org/10.1016/j.spasta.2015.07.003
http://www.ams.org/mathscinet-getitem?mr=3196559
https://doi.org/10.1080/15598608.2012.695663
http://www.ams.org/mathscinet-getitem?mr=1451376
http://www.ams.org/mathscinet-getitem?mr=3634309
https://doi.org/10.1214/16-STS588
http://www.ams.org/mathscinet-getitem?mr=1951788
https://doi.org/10.1023/A:1015085810154
http://www.ams.org/mathscinet-getitem?mr=3743276
https://doi.org/10.1214/17-AOAS1041
http://www.ams.org/mathscinet-getitem?mr=3734489
https://doi.org/10.1002/jae.2575
http://www.ams.org/mathscinet-getitem?mr=3014317
https://doi.org/10.1214/12-AOS971
http://www.ams.org/mathscinet-getitem?mr=2745881
https://doi.org/10.1016/j.jeconom.2010.03.034
http://www.ams.org/mathscinet-getitem?mr=1279661
https://doi.org/10.1093/biomet/81.1.115
http://arxiv.org/abs/arXiv:1905.04022
http://www.ams.org/mathscinet-getitem?mr=1410455
https://doi.org/10.1007/BF02562681
http://www.ams.org/mathscinet-getitem?mr=2730964
https://doi.org/10.1201/9781420072884-c29
https://doi.org/10.1111/j.1467-9868.2007.00587.x
https://doi.org/10.1198/jbes.2010.08110
https://doi.org/10.1016/j.spasta.2015.07.003
https://doi.org/10.1214/16-STS588
https://doi.org/10.1023/A:1015085810154
https://doi.org/10.1002/jae.2575

Statistical Science

2023, Vol. 38, No. 1, 160-183
https://doi.org/10.1214/22-STS866

© Institute of Mathematical Statistics, 2023

In Praise (and Search) of J. V. Uspensky

Persi Diaconis and Sandy Zabell

Abstract. The two of us have shared a fascination with James Victor Us-
pensky’s 1937 textbook Introduction to Mathematical Probability ever since
our graduate student days: it contains many interesting results not found in
other books on the same subject in the English language, together with many
non-trivial examples, all clearly stated with careful proofs. We present some
of Uspensky’s gems to a modern audience hoping to tempt others to read Us-
pensky for themselves, as well as report on a few of the other mathematical
topics he also wrote about (e.g., his book on number theory contains early
results about perfect shuffles).

Uspensky led an interesting life: a member of the Russian Academy of
Sciences, he spoke at the 1924 International Congress of Mathematicians in
Toronto before leaving Russia in 1929 and coming to the US and Stanford.
Comparatively little has been written about him in English; the second half
of this paper attempts to remedy this.

Key words and phrases: 1. V. Uspensky, A. A. Markov, probability theory,
Markov’s method of continued fractions, Bernoulli’s theorem, Lexis ratio,
card shuffling, Russian mathematics, Stanford Mathematics Department.
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