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A Cheat Sheet for Bayesian Prediction

Bertrand Clarke and Yuling Yao

Abstract. This paper reviews the growing field of Bayesian prediction.
Bayesian point and interval prediction are defined and situated in statistical
prediction more generally. Then, four general approaches to Bayesian pre-
diction are described and we turn to predictor selection. This can be done
predictively or nonpredictively; predictors can be based on single models or
multiple models. We call these unitary predictors and model average predic-
tors, respectively. Predictors can also be explanatory meaning they are based
on physical modeling or algorithmic meaning they are regarded simply as
input-output relations. Then we turn to aspects of prediction in the context of
large observational data sets, the most recent topic to emerge in prediction.
We conclude with a summary and statement of several open problems.

Key words and phrases: Predictive density, calibration, validation, predic-
tor selection, predictor evaluation, Bayes rule, Ionescu Tulcea theorem, deci-
sion theory, prequential, model average, median model, streaming data.
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A Probabilistic View on Predictive
Constructions for Bayesian Learning

Patrizia Berti, Emanuela Dreassi, Fabrizio Leisen, Luca Pratelli and Pietro Rigo

Abstract. Given a sequence X = (X1, X»,...) of random observations, a
Bayesian forecaster aims to predict X, based on (X1, ..., X;) for each
n > 0. To this end, in principle, she only needs to select a collection o =
(09,01, ...), called “strategy” in what follows, where op(-) = P(X| € -) is
the marginal distribution of X and 0,,(-) = P(Xp+1 € -| X1, ..., X) the nth
predictive distribution. Because of the Ionescu—Tulcea theorem, o can be
assigned directly, without passing through the usual prior/posterior scheme.
One main advantage is that no prior probability is to be selected. In a nutshell,
this is the predictive approach to Bayesian learning. A concise review of
the latter is provided in this paper. We try to put such an approach in the
right framework, to make clear a few misunderstandings, and to provide a
unifying view. Some recent results are discussed as well. In addition, some
new strategies are introduced and the corresponding distribution of the data
sequence X is determined. The strategies concern generalized Pdlya urns,
random change points, covariates and stationary sequences.

Key words and phrases: Bayesian inference, conditional identity in distri-
bution, exchangeability, predictive distribution, sequential predictions, sta-
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Exchangeability, Prediction and Predictive

Modeling in Bayesian Statistics

Sandra Fortini and Sonia Petrone

Abstract. There is currently a renewed interest in the Bayesian predictive
approach to statistics. This paper offers a review on foundational concepts
and focuses on “predictive modeling,” which by directly reasoning on pre-
diction bypasses inferential models or may characterize them. We detail pre-
dictive characterizations in exchangeable and partially exchangeable settings,
for a large variety of data structures, and hint at new directions. The underly-
ing concept is that Bayesian predictive rules are probabilistic learning rules,
formalizing through conditional probability how we learn on future events
given the available information. This concept has implications in any statis-
tical problem and in inference, from classic contexts to less explored chal-
lenges, such as providing Bayesian uncertainty quantification to predictive
algorithms in data science, as we show in the last part of the paper. The pa-
per not only gives a historical overview but also includes a few new results,
presents some recent developments and poses some open questions.

Key words and phrases: Bayesian foundations, predictive characteriza-
tions, Bayesian nonparametrics, predictive sufficiency, partial exchangeabil-
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Martingale Posterior Distributions for
Time-Series Models

Blake Moya and Stephen G. Walker

Abstract. The paper considers the analysis of time-series data from a future
missing data perspective. Using predictive models with random multistep,
updating of the parameters is equivalent to an iterative ensemble approach
where initial conditions are randomized. The output is a sample from a pos-
terior distribution equivalent in structure to the martingale posterior distribu-
tion. Specifically, the paper provides a posterior distribution of the parameters
of a time-series model by forward sampling from the data using a predictive
model based on iteratively sampling and updating the model until the se-
quence of parameter estimators has converged. Repetition of this produces
independent samples from the posterior. [llustrative and real data examples

are provided.

Key words and phrases:
casting, score function.
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Bayesian Dependent Mixture Models:
A Predictive Comparison and Survey

Sara Wade and Vanda Inacio
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Abstract. For exchangeable data, mixture models are an extremely useful
tool for density estimation due to their attractive balance between smooth-
ness and flexibility. When additional covariate information is present, mix-
ture models can be extended for flexible regression by modeling the mixture
parameters, namely, the weights and atoms, as functions of the covariates.
These types of models are interpretable and highly flexible, allowing not only
the mean but the whole density of the response to change with the covariates.
This article reviews Bayesian covariate-dependent mixture models, focusing
on nonparametric constructions which we broadly organize into into three
categories: (1) joint models of the responses and covariates, (2) conditional
models with single-weights and covariate-dependent atoms, and (3) condi-
tional models with covariate-dependent weights. The diversity and variety of
the available models in the literature raises the question of how to choose
among them for the application at hand. We attempt to shed light on this
question through a careful analysis of the predictive equations for the con-
ditional mean and density function as well as predictive comparisons in a
variety of simulated data examples.

Key words and phrases: Density regression, dependent Dirichlet process,
mixture of experts, nonparametric regression, stick-breaking representation.
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Bayesian Predictive Synthesis with
Outcome-Dependent Pools

Matthew C. Johnson and Mike West

Abstract.  This paper reviews background and examples of Bayesian predic-
tive synthesis (BPS), and develops details in a subset of BPS mixture mod-
els. BPS expands on standard Bayesian model uncertainty analysis for model
mixing to provide a broader foundation for calibrating and combining pre-
dictive densities from multiple models or other sources. One main focus here
is BPS as a framework for justifying and understanding generalized “linear
opinion pools,” where multiple predictive densities are combined with flex-
ible mixing weights that depend on the forecast variable itself- that is, the
setting of outcome-dependent model mixing. BPS also defines approaches to
incorporating and exploiting dependencies across models defining forecasts,
and to formally addressing the problem of model set incompleteness within
the subjective Bayesian framework. In addition to an overview of general
mixture-based BPS, new methodological developments for dynamic BPS—
involving calibration and pooling of sets of predictive distributions in a uni-
variate time series setting—are presented. These developments are exempli-
fied in summaries of an analysis in a univariate financial time series study.

Key words and phrases: Bayesian predictive synthesis, density forecast
combination, forecaster dependence, forecasting, forecast calibration, gen-
eralized opinion pools, model combination, model set incompleteness, time

series prediction.
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Advances in Projection Predictive Inference

Yann McLatchie®, Sélvi Régnvaldsson®, Frank Weber

and AKki Vehtari

Abstract. The concepts of Bayesian prediction, model comparison, and
model selection have developed significantly over the last decade. As a re-
sult, the Bayesian community has witnessed a rapid growth in theoretical
and applied contributions to building and selecting predictive models. Projec-
tion predictive inference in particular has shown promise to this end, finding
application across a broad range of fields. It is less prone to over-fitting than
naive selection based purely on cross-validation or information criteria per-
formance metrics, and has been known to out-perform other methods in terms
of predictive performance. We survey the core concept and contemporary
contributions to projection predictive inference, and present a safe, efficient,
and modular workflow for prediction-oriented model selection therein. We
also provide an interpretation of the projected posteriors achieved by projec-

tion predictive inference in terms of their limitations in causal settings.
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A Conversation

Vladimir Vovk and Glenn Shafer

Abstract.

with A. Philip Dawid

Beginning in the 1970s, Alexander Philip Dawid has been a lead-

ing contributor to the foundations of statistics and especially to the develop-
ment and application of Bayesian statistics. He is also known for his work
on causality, especially his notation for conditional independence and his
critique of the overuse of counterfactuals, and for his contributions to foren-

sic statistics.

Dawid was born in Lancashire, England, on February 1, 1946. His fam-
ily moved to London soon afterwards, and he attended the City of London
School from 1956 to 1963. He studied mathematics at Cambridge, earning
a BA (Bachelor of Arts) degree in 1966. After earning a Diploma in Math-
ematical Statistics in the academic year 1966-1967, he studied for a PhD
at Imperial, then at UCL, where he became a Lecturer in Statistics in 1969.
In 1978, he left UCL for a position as Professor of Statistics in the Depart-
ment of Mathematics, The City University, London, where he served as Head
of Statistics Section and Director of the Statistical Laboratory. He returned
to the Department of Statistics at UCL in 1981, serving as Head of Depart-
ment from 1983 to 1993. He moved to the University of Cambridge in 2007,
becoming Professor of Statistics and Fellow of Darwin College. He has con-
tinued his work in mathematical statistics after retiring from Cambridge in
2013 and was elected Fellow of the Royal Society in 2018.

Key words and phrases: A. Philip Dawid, biography, Bayesian statistics,
prequential statistics, causality, University College London.
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1he Institute of Mathematical Statistics presents

IMS TEXTBOOKS

rexoots Exponential Families in Theory

Exponential and Practice
Families in
Theory and
Practice
Bradley Efron

Bradley Efron, Stanford University

During the past half-century, exponential families have attained
a position at the center of parametric statistical inference.
Theoretical advances have been matched, and more than
matched, in the world of applications, where logistic regression
by itself has become the go-to methodology in medical statistics,
computer-based prediction algorithms, and the social sciences.
This book is based on a one-semester graduate course for first
year Ph.D. and advanced master’s students. After presenting
the basic structure of univariate and multivariate exponential
Hardback 5105.00 families, their application to generalized linear models including
Paperback $39.99 logistic and Poisson regression is described in detail, emphasizing
IMS members are geometrical ideas, computational practice, and the analogy with
entitled to a 40% ordinary linear regression. Connections are made with a variety of
discount: email current statistical methodologies: missing data, survival analysis
ims@imstat.org and proportional hazards, false discovery rates, bootstrapping,
D requzst and empirical Bayes analysis. The book connects exponential
your code family theory with its applications in a way that doesn't require
advanced mathematical preparation.

www.imstat.org/cup/

Cambridge University Press, with the Institute of Mathematical Statistics, established
the IMS Monographs and IMS Textbooks series of high-quality books. The series
editors are Mark Handcock, Ramon van Handel, Arnaud Doucet, and John Aston.



