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Laplace’s Theories of Cognitive lllusions,

Heuristics and Biases

Joshua B. Miller and Andrew Gelman

Abstract.

In his book from the early 1800s, Essai Philosophique sur les

Probabilités, the mathematician Pierre-Simon de Laplace anticipated many
ideas developed within the past 50 years in cognitive psychology and be-
havioral economics, explaining human tendencies to deviate from norms of
rationality in the presence of probability and uncertainty. A look at Laplace’s
theories and reasoning is striking, both in how modern they seem, how much
progress he made without the benefit of systematic experimentation, and the
novelty of a few of his unexplored conjectures. We argue that this work points
to these theories being more fundamental and less contingent on recent ex-
perimental findings than we might have thought.

REFERENCES

ASHRAF, N., CAMERER, C. and LOEWENSTEIN, G. (2005). Adam
Smith, behavioral economist. J. Econ. Perspect. 19 131-145.

AYTON, P. and FISCHER, 1. (2004). The hot hand fallacy and the
gambler’s fallacy: Two faces of subjective randomness? Memory
& Cognition 21 1369-1378.

BAR-HILLEL, M. (1980). The base-rate fallacy in probability judg-
ments. Acta Psychol. 44 211-233.

BAR-HILLEL, M. and WAGENAAR, W. A. (1991). The perception of
randomness. Adv. in Appl. Math. 12 428-454.

BARON, J. (2008). Thinking and Deciding. Cambridge Univ. Press,
Cambridge.

BENJAMIN, D. J. (forthcoming). Errors in probabilistic reasoning and
judgment biases. In Handbook of Behavioral Economics (D. Bern-
heim, S. DellaVigna and D. Laibson, eds.) Elsevier, New York.

BENJAMIN, D. J., RABIN, M. and RAYMOND, C. (2016). A model
of nonbelief in the law of large numbers. J. Eur. Econ. Assoc. 14
515-544.

BOWERS, J. S. and DAvIs, C. J. (2012). Bayesian just-so stories in
psychology and neuroscience. Psychol. Bull. 138 389-414.

CAMERER, C. F., LOWENSTEIN, G. and RABIN, M. (2003). Ad-
vances in Behavioral Economics. Princeton Univ. Press, Princeton,
NIJ.

CLOTFELTER, C. T. and COOK, P. J. (1993). The “gambler’s fallacy”
in lottery play. Manage. Sci. 39 1521-1525.

Cox, R. T. (1946). Probability, frequency and reasonable expecta-
tion. Am. J. Phys. 14 1-13. MR0O015688 https://doi.org/10.1119/
1.1990764

CROSON, R. and SUNDALLI, J. (2005). The gambler’s fallacy and the
hot hand: Empirical data from casinos. J. Risk Uncertain. 30 195—
209.

D’ ALEMBERT, J. (1761). Opuscules Mathématiques. David, Paris.

DASTON, L. (1988). Classical Probability in the Enlightenment.
Princeton Univ. Press, Princeton, NJ. MR0988886

DEMPSTER, A. P. (1968). A generalization of Bayesian inference. J.
Roy. Statist. Soc. Ser. B 30 205-247. MR0238428

EDWARDS, W. (1968). Conservatism in Human Information Process-
ing. Wiley, New York.

ELSTER, J. (1989). Nuts and Bolts for the Social Sciences. Cambridge
Univ. Press, Cambridge.

EPLEY, N. and GILOVICH, T. (2006). The anchoring-and-adjustment
heuristic: Why the adjustments are insufficient. Psychol. Sci. 17
311-318.

EREV, I, ERT, E., ROTH, A. E., HARUVY, E., HERZOG, S. M., HAU,
R., HERTWIG, R., STEWART, T., WEST, R. et al. (2010). A choice
prediction competition: Choices from experience and from descrip-
tion. J. Behav. Decis. Mak. 23 15-47.

FISCHHOFF, B., SLovIC, P., LICHTENSTEIN, S., READ, S. and
CoMmBSs, B. (1978). How safe is safe enough? A psychometric
study of attitudes towards technological risks and benefits. Policy
Sci. 9 127-152.

GELMAN, A. (2011). Josh Tenenbaum presents ...a model of
folk physics! Available at https://andrewgelman.com/2011/11/06/
josh-tenenbaum-presents-a-model-of-folk-physics/.

GIGERENZER, G. (2004). Fast and frugal heuristics: The tools of
bounded rationality. In Blackwell Handbook of Judgment and Deci-
sion Making (D. J. Koehler and N. Harvey, eds.) 62-88. Blackwell,
London.

GIGERENZER, G. (2005). I think, therefore I err. Soc. Res. 72 195—
208.

GIGERENZER, G. and BRIGHTON, H. (2009). Homo heuristicus: Why
biased minds make better inferences. Top. Cogn. Sci. 1 107-143.
GIGERENZER, G. and GOLDSTEIN, D. G. (1996). Reasoning the fast
and frugal way: Models of bounded rationality. Psychol. Rev. 103

650.

GIGERENZER, G. and HOFFRAGE, U. (1995). How to improve
Bayesian reasoning without instruction: Frequency formats. Psy-
chol. Rev. 102 684-704.

GIGERENZER, G. and SELTEN, R. (2001). Bounded Rationality: The
Adaptive Toolbox. MIT Press, Cambridge, MA.

GILOVICH, T., GRIFFIN, D. and KAHNEMAN, D. (2002). Heuris-
tics and Biases: The Psychology of Intuitive Judgment. Cambridge
Univ. Press, Cambridge.

Joshua B. Miller is an Associate Professor in the Department of Economics at the University of Melbourne, Australia (e-mail:
Jjoshua.benjamin.miller @ gmail.com). Andrew Gelman is a Professor in the Department of Statistics and Department of Political
Science at Columbia University, New York, New York, USA (e-mail: gelman@stat.columbia.edu).


http://www.imstat.org/sts/
https://doi.org/10.1214/19-STS696
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0015688
https://doi.org/10.1119/1.1990764
http://www.ams.org/mathscinet-getitem?mr=0988886
http://www.ams.org/mathscinet-getitem?mr=0238428
https://andrewgelman.com/2011/11/06/josh-tenenbaum-presents-a-model-of-folk-physics/
mailto:joshua.benjamin.miller@gmail.com
mailto:gelman@stat.columbia.edu
https://doi.org/10.1119/1.1990764
https://andrewgelman.com/2011/11/06/josh-tenenbaum-presents-a-model-of-folk-physics/

GILOVICH, T., VALLONE, R. and TVERSKY, A. (1985). The hot hand
in basketball: On the misperception of random sequences. Cogn.
Psychol. 17 295-314.

GORROOCHURN, P. (2012). Classic Problems of Probability.
Wiley, Hoboken, NIJ. MR2976816 https://doi.org/10.1002/
9781118314340

HATFIELD, G. (1994). Psychology as a natural science in the eigh-
teenth century. Revue de Syntheése 115 375-391.

HERTWIG, R. and EREYV, 1. (2009). The description-experience gap in
risky choice. Trends Cogn. Sci. 13 517-523.

HERTWIG, R., GIGERENZER, G. and HOFFRAGE, U. (1997). The re-
iteration effect in hindsight bias. Psychol. Rev. 104 194.

HERTWIG, R., PACHUR, T. and KURZENHAUSER, S. (2005). Judg-
ments of risk frequencies: Tests of possible cognitive mechanisms.
J. Exper. Psychol., Learn., Mem., Cogn. 31 621.

HERTWIG, R., BARRON, G., WEBER, E. U. and EREV, I. (2004). De-
cisions from experience and the effect of rare events in risky choice.
Psychol. Sci. 15 534-539.

IMAS, A. (2016). The realization effect: Risk-taking after realized ver-
sus paper losses. Am. Econ. Rev. 106 2086-2109.

JAMES, W. (1890). The Principles of Psychology. Henry Holt and
Company, New York.

JAYNES, E. T. (1957). Information theory and statistical mechanics.
Phys. Rev. 106 620-630. MR0087305

KAHNEMAN, D. (1991). Judgment and decision making: A personal
view. Psychol. Sci. 2 142-145.

KAHNEMAN, D. (2011). Thinking, Fast and Slow. Farrar, Straus and
Giroux, New York.

KAHNEMAN, D. and KLEIN, G. (2009). Conditions for intuitive ex-
pertise: A failure to disagree. Am. Psychol. 64 515-526.

KAHNEMAN, D., SLovIc, P. and TVERSKY, A. (1982). Judgment
Under Uncertainty: Heuristics and Biases. Cambridge Univ. Press,
Cambridge.

KAHNEMAN, D. and TVERSKY, A. (1972a). On prediction and judg-
ment. ORI Research Monograph 12. (10) (a).

KAHNEMAN, D. and TVERSKY, A. (1972b). Subjective probability:
A judgement of representativeness. Cogn. Psychol. 3 430-454.
KAHNEMAN, D. and TVERSKY, A. (1979). Prospect theory: An anal-

ysis of decision under risk. Econometrica 47 263-292.

KAHNEMAN, D. and TVERSKY, A. (1982). On the study of statistical
intuitions. Cognition 11 123-141.

KAMENICA, E. (2012). Behavioral economics and psychology of in-
centives. Ann. Rev. Econ. 4 427-452.

KEYNES, J. M. (1921). A Treatise on Probability. Macmillan and
Company, Limited, London.

LAPLACE, P.-S. (1825). Essai Philosophique sur les Probabilités, fifth
edition. Springer, New York. Translated by A. I. Dale (1995).

LOEWENSTEIN, G. F., WEBER, E. U., HSEE, C. K. and WELCH, N.
(2001). Risk as feelings. Psychol. Bull. 127 267-286.

MARCUS, G. F. and DAVIs, E. (2013). How robust are probabilistic
models of higher-level cognition? Psychol. Sci. 24 2351-2360.
MEEHL, P. E. (1954). Clinical Versus Statistical Predictions: A The-
oretical Analysis and Revision of the Literature. Univ. Minnesota

Press, Minneapolis, MN.

MEEHL, P. E. and ROSEN, A. (1955). Antecedent probability and the
efficiency of psychometric signs, patterns, or cutting scores. Psy-
chol. Bull. 52 194-216.

MILLER, J. B. and MANIADIS, Z. (2013). The weight of personal
experience: An experimental measurement. Working paper.

MILLER, J. B. and SANJURJO, A. (2018). A Visible (Hot) Hand? Ex-
pert Players Bet on the Hot Hand and Win. OSF Preprints. October
30 https://osf.io/sd32u/.

MILLER, J. B. and SANJURJO, A. (2018). Surprised by the hot hand
fallacy? A truth in the law of small numbers. Econometrica 86
2019-2047. MR3901245 https://doi.org/10.3982/ECTA 14943

MORRISON, R. S. and ORDESHOOK, P. C. (1975). Rational choice,
light guessing and the gambler’s fallacy. Public Choice 22 79-89.

NICKERSON, R. S. (1998). Confirmation bias: A ubiquitous phe-
nomenon in many guises. Rev. Gen. Psychol. 2 175.

NICKERSON, R. S. (2002). The production and perception of random-
ness. Psychol. Rev. 109 350-357.

OAKSFORD, M. and CHATER, N. (2009). Precis of Bayesian rational-
ity: The probabilistic approach to human reasoning. Behav. Brain
Sci. 32 69-84.

ODEAN, T. (1998). Are investors reluctant to realize their losses? J.
Finance 53 1775-1798.

OSKARSSON, A. T., BOVEN, L. V., MCCLELLAND, G. H. and
HASTIE, R. (2009). What’s next? Judging sequences of binary
events. Psychol. Bull. 135 262-385.

PEARSON, K. (1978). The History of Statistics in the 17th and 18th
Centuries Against the Changing Background of Intellectual, Scien-
tific and Religious Thought. Lectures Given at University College
London, 1921-1933. Macmillan Co., New York. MR0612481

RABIN, M. (2002). Inference by believers in the law of small numbers.
Q. J. Econ. 117 775-816.

RAMSEY, F. P. (1926). Truth and probability. In The Foundations of
Mathematics and Other Logical Essays (R. B. Braithwaite, ed.)
156-198. Harcourt, Brace and Company, New York.

SHAFER, G. (1976). A Mathematical Theory of Evidence. Princeton
Univ. Press, Princeton, NJ. MR0464340

SHEFRIN, H. and STATMAN, M. (1985). The disposition to sell win-
ners too early and ride losers too long: Theory and evidence. J.
Finance 40 777-790.

SIMON, H. A. (1956). Rational choice and the structure of the envi-
ronment. Psychol. Rev. 63 129-138.

SIMON, H. A. (1957). Models of Man, Social and Rational. Wiley,
New York. MR0113732

SIMONSOHN, U., KARLSSON, N., LOEWENSTEIN, G. and ARIELY,
D. (2008). The tree of experience in the forest of information: Over-
weighing experienced relative to observed information. Games
Econom. Behav. 62 263-286. MR2384867 https://doi.org/10.1016/
j-geb.2007.03.010

STIGLER, S. (2003). Casanova, “Bonaparte,” and the Loterie de
France. Journal de la Société Frangaise de Statistique 144 5-34.

STIGLER, S. (2005). P. S. Laplace, Théorie Analytique des Probabil-
ités, First Edition (1812); Essai Philosophique sur les Probabilitiés,
first edition (1814),. In Landmark Writings in Western Mathemat-
ics, 1640-1940 (I. Grattan-Guinness, ed.) 329-340. Elsevier, Ams-
terdam.

STIGLER, S. M. (2012). Laplace’s unpublished manuscript on associa-
tionist psychology. J. Electron. Hist. Probab. Stat. 8 6. MR3025117

SUNDALLI, J. and CROSON, R. (2006). Biases in casino betting: The
hot hand and the gambler’s fallacy. Judgm. Decis. Mak. 1 1-12.

TENENBAUM, J. B., KEMP, C., GRIFFITHS, T. L. and GOODMAN,
N. D. (2011). How to grow a mind: Statistics, structure, and ab-
straction. Science 331 1279-1285. MR2807660 https://doi.org/10.
1126/science.1192788

TERRELL, D. (1994). A test of the gambler’s fallacy: Evidence from
pari-mutuel games. J. Risk Uncertain. 8 309-317.

THALER, R. (1980). Toward a positive theory of consumer choice. J.
Econ. Behav. Organ. 1 39-60.

TobDD, P. M. and GIGERENZER, G. (2000). Précis of simple heuristics
that make us smart. Behav. Brain Sci. 23.

TVERSKY, A. and KAHNEMAN, D. (1973). Availability: A heuristic
for judging frequency and probability. Cogn. Psychol. 5 207-232.

TVERSKY, A. and KAHNEMAN, D. (1974). Judgment under uncer-
tainty: Heuristics and biases. Science 185 1124-1131.


http://www.ams.org/mathscinet-getitem?mr=2976816
https://doi.org/10.1002/9781118314340
http://www.ams.org/mathscinet-getitem?mr=0087305
https://osf.io/sd32u/
http://www.ams.org/mathscinet-getitem?mr=3901245
https://doi.org/10.3982/ECTA14943
http://www.ams.org/mathscinet-getitem?mr=0612481
http://www.ams.org/mathscinet-getitem?mr=0464340
http://www.ams.org/mathscinet-getitem?mr=0113732
http://www.ams.org/mathscinet-getitem?mr=2384867
https://doi.org/10.1016/j.geb.2007.03.010
http://www.ams.org/mathscinet-getitem?mr=3025117
http://www.ams.org/mathscinet-getitem?mr=2807660
https://doi.org/10.1126/science.1192788
https://doi.org/10.1002/9781118314340
https://doi.org/10.1016/j.geb.2007.03.010
https://doi.org/10.1126/science.1192788

VON NEUMANN, J. and MORGENSTERN, O. (1944). Theory of Games WILKE, A. and BARRETT, H. C. (2009). The hot hand phenomenon
and Economic Behavior. Princeton Univ. Press, Princeton, NJ. as a cognitive adaptation to clumped resources. Evol. Hum. Behav.
MRO0011937 30 161-169.


http://www.ams.org/mathscinet-getitem?mr=0011937

Statistical Science

2020, Vol. 35, No. 2, 171-172
https://doi.org/10.1214/19-STS750

© Institute of Mathematical Statistics, 2020

Comment: Laplace and Cognitive lllusions

Daniel Kahneman and Maya Bar-Hillel

Abstract. Reports in the 1970s of cognitive illusions in judgments of uncer-
tainty had been anticipated by Laplace 150 years earlier. We discuss Miller
and Gelman’s remark that Laplace’s anticipation of the main ideas of the
heuristics and biases approach “gives us a new perspective on these ideas
as more universal and less contingent on particular developments [that came
much] later.”

Key words and phrases: Cognitive illusions, heuristics and biases, judg-
ment under uncertainty.
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Comment:

Glenn Shafer

(1]

(2]

(3]

Abstract.

lllusions, Then and Now

The situation of mathematical statistics today resembles the sit-

uation of Laplacean probability in the mid-19th century. Strong claims are
made about how probability theory should be used. Yet it is widely misused
and increasingly not used in the analysis of data. Perhaps we need a philoso-
phy of probability that makes more modest and realistic claims.

Key words and phrases:
dations of probability.
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Rejoinder:

Laplace’s theories of cognitive

illusions, heuristics and biases

Joshua B. Miller and Andrew Gelman

Abstract.

We appreciate the thoughtful comments from Glenn Shafer and

from Daniel Kahneman and Maya Bar-Hillel and respond to each in turn.
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ity, psychology.
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Fano’s Inequality for Random Variables

Sébastien Gerchinovitz, Pierre Ménard and Gilles Stoltz

Abstract. We extend Fano’s inequality, which controls the average proba-
bility of events in terms of the average of some f-divergences, to work with
arbitrary events (not necessarily forming a partition) and even with arbitrary
[0, 1]-valued random variables, possibly in continuously infinite number. We
provide two applications of these extensions, in which the consideration of
random variables is particularly handy: we offer new and elegant proofs
for existing lower bounds, on Bayesian posterior concentration (minimax or
distribution-dependent) rates and on the regret in nonstochastic sequential

learning.

Key words and phrases:

Multiple-hypotheses testing, lower bounds, infor-

mation theory, Bayesian posterior concentration.
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Equitability, Interval Estimation, and
Statistical Power

Yakir A. Reshef, David N. Reshef, Pardis C. Sabeti and Michael Mitzenmacher

Abstract. Emerging high-dimensional data sets often contain many non-
trivial relationships, and, at modern sample sizes, screening these using an
independence test can sometimes yield too many relationships to be a use-
ful exploratory approach. We propose a framework to address this limitation
centered around a property of measures of dependence called equitability.
Given some measure of relationship strength, an equitable measure of de-
pendence is one that assigns similar scores to equally strong relationships of
different types. We formalize equitability within a semiparametric inferen-
tial framework in terms of interval estimates of relationship strength, and we
then use the correspondence of these interval estimates to hypothesis tests to
show that equitability is equivalent under moderate assumptions to requiring
that a measure of dependence yield well-powered tests not only for distin-
guishing nontrivial relationships from trivial ones but also for distinguishing
stronger relationships from weaker ones. We then show that equitability, to
the extent it is achieved, implies that a statistic will be well powered to detect
all relationships of a certain minimal strength, across different relationship
types in a family. Thus, equitability is a strengthening of power against inde-
pendence that enables exploration of data sets with a small number of strong,
interesting relationships and a large number of weaker, less interesting ones.

Key words and phrases:

Equitability, measure of dependence, statistical

power, independence test, semiparametric inference.
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LGM Split Sampler:

Sampling Scheme for Latent Gaussian

Models

Oli Pall Geirsson, Birgir Hrafnkelsson, Daniel Simpson and Helgi Sigurdarson

Abstract. A general and flexible class of latent Gaussian models is proposed
in this paper. The latent Gaussian model is adapted to the generalized addi-
tive model for location, scale and shape (GAMLSS), that is, the data density
function of each data point can depend on more than a single linear predictor
of the latent parameters. We refer to this framework as extended latent Gaus-
sian models. The most commonly applied latent Gaussian models (LGMs)
are such that a linear predictor is proposed only for the location parameter.
Extended LGMs allow proposing linear predictors also for the scale parame-
ter and potentially other parameters. We propose a novel computationally ef-
ficient Markov chain Monte Carlo sampling scheme for the extended LGMs
which we refer to as the LGM split sampler. It is a two block Gibbs sampling
scheme designed to exploit the model structure of the extended LGMs. An
extended LGM is constructed for a simulated dataset and the LGM split sam-
pler is implemented for posterior simulations. The results demonstrate the
flexibility of the extended LGM framework and the efficiency of the LGM
split sampler.

Key words and phrases: Bayesian hierarchical models, Gibbs sampling, la-
tent Gaussian models, Markov chain Monte Carlo, posterior simulation.
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Checking for Prior-Data Conflict Using
Prior-to-Posterior Divergences

David J. Nott, Xueou Wang, Michael Evans and Berthold-Georg Englert

Abstract.  'When using complex Bayesian models to combine information,
checking consistency of the information contributed by different components
of the model for inference is good statistical practice. Here a new method
is developed for detecting prior-data conflicts in Bayesian models based on
comparing the observed value of a prior-to-posterior divergence to its dis-
tribution under the prior predictive distribution for the data. The divergence
measure used in our model check is a measure of how much beliefs have
changed from prior to posterior, and can be thought of as a measure of the
overall size of a relative belief function. It is shown that the proposed method
is intuitive, has desirable properties, can be extended to hierarchical settings,
and is related asymptotically to Jeffreys’ and reference prior distributions. In
the case where calculations are difficult, the use of variational approximations
as a way of relieving the computational burden is suggested. The methods are
compared in a number of examples with an alternative but closely related ap-
proach in the literature based on the prior predictive distribution of a minimal

sufficient statistic.

Key words and phrases:

Bayesian inference, model checking, prior data-

conflict, variational Bayes, Bayesian inference.
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A Generalized Approach to Power Analysis

for Local Average Treatment Effects

Kirk Bansak

Abstract.  This study introduces a new approach to power analysis in the
context of estimating a local average treatment effect (LATE), where the
study subjects exhibit noncompliance with treatment assignment. As a re-
sult of distributional complications in the LATE context, compared to the
simple ATE context, there is currently no standard method of power analysis
for the LATE. Moreover, existing methods and commonly used substitutes—
which include instrumental variable (IV), intent-to-treat (ITT) and scaled
ATE power analyses—require specifying generally unknown variance terms
and/or rely upon strong and unrealistic assumptions, thus providing unreli-
able guidance on the power of tests of the LATE. This study develops a new
approach that uses standardized effect sizes to place bounds on the power
for the most commonly used estimator of the LATE, the Wald IV estimator,
whereby variance terms and distributional parameters need not be specified
nor assumed. Instead, in addition to the effect size, sample size and error
tolerance parameters, the only other parameter that must be specified by the
researcher is the compliance rate. Additional conditions can also be intro-
duced to further narrow the bounds on the power calculation. The result is a
generalized approach to power analysis in the LATE context that is simple to

implement.
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Experimental design, local average treatment ef-

fects, noncompliance, principal stratification, statistical power.
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On the Probability That Two Random

Integers Are Coprime

Jing Lei and Joseph B. Kadane

Abstract.

We show that there is a nonempty class of finitely additive prob-

abilities on N2 such that for each member of the class, each set with limiting
relative frequency p has probability p. Hence, in that context the probabil-
ity that two random integers are coprime is 6/72. We also show that two
other interpretations of “random integer,” namely residue classes and shift
invariance, support any number in [0, 6/72] for that probability. Finally, we
specify a countably additive probability space that also supports 6/72.

Key words and phrases: Number theory, coprime, uniform distribution,

finitely additive probability.
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Comparative Study of Differentially Private

Data Synthesis Methods

Claire McKay Bowen and Fang Liu

Abstract.  'When sharing data among researchers or releasing data for pub-
lic use, there is a risk of exposing sensitive information of individuals in the
data set. Data synthesis is a statistical disclosure limitation technique for re-
leasing synthetic data sets with pseudo individual records. Traditional data
synthesis techniques often rely on strong assumptions of a data intruder’s
behaviors and background knowledge to assess disclosure risk. Differential
privacy (DP) formulates a theoretical approach for a strong and robust pri-
vacy guarantee in data release without having to model intruders’ behaviors.
Efforts have been made aiming to incorporate the DP concept in the data syn-
thesis process. In this paper, we examine current DIfferentially Private Data
Synthesis (DIPS) techniques for releasing individual-level surrogate data for
the original data, compare the techniques conceptually and evaluate the sta-
tistical utility and inferential properties of the synthetic data via each DIPS
technique through extensive simulation studies. Our work sheds light on the
practical feasibility and utility of the various DIPS approaches, and suggests

future research directions for DIPS.
Key words and phrases:

Differential privacy, DIPS, sufficient statistics,

parametric DIPS, nonparametric DIPS, statistical disclosure limitation.
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A Conversation with Grace Wahba

Douglas Nychka, Ping Ma and Douglas Bates

Abstract. Grace Wahba (née Goldsmith, born August 3, 1934), 1. J.
Schoenberg-Hilldale Professor of Statistics at the University of Wisconsin-
Madison (Emerita), is a pioneer in methods for smoothing noisy data. Her
research combines theoretical analysis, computation and methodology moti-
vated by innovative scientific applications. Best known for the development
of generalized cross-validation (GCV), the connection between splines and
Bayesian posterior estimates, and “Wahba’s problem,” she has developed
methods with applications in demographic studies, machine learning, DNA
microarrays, risk modeling, medical imaging and climate prediction.

Grace grew up in the Washington, DC area and New Jersey, and graduated
from Montclair High School. She was educated at Cornell (B.A. 1956), Uni-
versity of Maryland, College Park (M.A. 1962) and Stanford (Ph.D. 1966),
and worked in industry for several years before receiving her doctorate in
1966 and settling in Madison in 1967. Although holding several visiting ap-
pointments, she has made Madison her home for over 50 years. She is the au-
thor of Spline Models for Observational Data which has garnered more than
8000 citations. Grace is treasured as an academic advisor and has mentored
39 Ph.D. students that have resulted in more than 330 academic descendants.
She was elected to the United States National Academy of Sciences in 2000
and received an honorary degree of Doctor of Science from the University of
Chicago in 2007. Wahba is a Fellow of several academic societies including
the American Academy of Arts and Sciences, the American Association for
the Advancement of Science, the American Statistical Association and the
Institute of Mathematical Statistics. Over the years, she has received a selec-
tion of notable awards in the statistics community: R. A. Fisher Lectureship
(2014), Gottfried E. Noether Senior Researcher Award (2009), Committee of
Presidents of Statistical Societies Elizabeth Scott Award (1996) and the first
Emanuel and Carol Parzen Prize for Statistical Innovation (1994).

Key words and phrases:  Spline, reproducing kernel Hilbert spaces, RKHS,
Wahba’s problem, cross-validation, generalized cross-validation, support
vector machines.
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A Conversation with Francisco J. Samaniego

George G. Roussas and Debasis Bhattacharya

Abstract. In a wide-ranging interview, Professor George G. Roussas of the
University of California, Davis, and Professor Debasis Bhatacharya of Visva-
Bharati University, India, and a frequent visitor to UC Davis, engage Profes-
sor Francisco J. Samaniego in a discussion about his personal background,
his education and the highlights of his professional career as a teacher and
researcher.

Key words and phrases: Education, teaching and research, reliability the-
ory, comparative statistical inference.
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