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Response-Adaptive Randomization in Clinical
Trials: From Myths to Practical
Considerations
David S. Robertson, Kim May Lee, Boryana C. López-Kolkovska and Sofía S. Villar

Abstract. Response-Adaptive Randomization (RAR) is part of a wider class
of data-dependent sampling algorithms, for which clinical trials are typically
used as a motivating application. In that context, patient allocation to treat-
ments is determined by randomization probabilities that change based on the
accrued response data in order to achieve experimental goals. RAR has re-
ceived abundant theoretical attention from the biostatistical literature since
the 1930s and has been the subject of numerous debates. In the last decade,
it has received renewed consideration from the applied and methodological
communities, driven by well-known practical examples and its widespread
use in machine learning. Papers on the subject present different views on its
usefulness, and these are not easy to reconcile. This work aims to address this
gap by providing a broad, balanced and fresh review of methodological and
practical issues to consider when debating the use of RAR in clinical trials.

Key words and phrases: Ethics, patient allocation, power, sample size im-
balance, time trends, type I error control.
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Comment: Group Sequential Designs with
Response-Adaptive Randomisation
Christopher Jennison

Abstract. Group sequential Phase III trial designs enable early stopping for
positive or negative study outcomes. Response-adaptive randomisation can
be included in such designs with the sampling ratio in each group of subjects
determined by the current treatment effect estimate. We demonstrate the po-
tential of adaptive randomisation to reduce the number of patients receiving
the inferior treatment, even when there is a delay in observing each patient’s
response. We also observe that using a fixed but unequal sampling ratio may
offer a simpler way to achieve the same objectives.

Key words and phrases: Response-adaptive randomisation, group sequen-
tial test, inferior treatment number.
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Comment: Is Response-Adaptive
Randomization a “Good Thing” or Not in
Clinical Trials? Why We Cannot Take Sides
Alessandra Giovagnoli

Abstract. The paper by Robertson et al. intends to provide “a unified, broad
and fresh review of methodological and practical issues to consider” as a
contribution to the ongoing debate concerning RAR in clinical trials. Simu-
lations carried out by different authors seem to disprove its usefulness both
for statistical inference and as a safeguard for the care of patients in the trial.
I argue that the arguments brought forward so far are inconclusive, since the
inferential considerations are sometimes incomplete or incorrect, and some
simulation studies unconvincing. A Bayesian stand is very common, but of-
ten not fully understood.

Key words and phrases: Bayesian response-adaptive randomization, dou-
bly adaptive, modelling and simulation, simply adaptive, Thompson’s sam-
pling.
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Comment: Response Adaptive
Randomization in Practice
Scott M. Berry and Kert Viele

Abstract. Robertson et al. provide an elegant, thorough and accessible
overview of the rich theoretical background of response adaptive random-
ization. Many completed and ongoing clinical trials utilize these methods
with demonstrated success. We provide a summary of multiple real world
examples of response adaptive randomization, and a discussion of themes
that arise in planning and executing response adaptive trials.

Key words and phrases: Response adaptive randomization, adaptive clini-
cal trials, seamless clinical trials.
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Efficient Data Augmentation Techniques for
Some Classes of State Space Models
Linda S. L. Tan

Abstract. Data augmentation improves the convergence of iterative algo-
rithms, such as the EM algorithm and Gibbs sampler by introducing care-
fully designed latent variables. In this article, we first propose a data aug-
mentation scheme for the first-order autoregression plus noise model, where
optimal values of working parameters introduced for recentering and rescal-
ing of the latent states, can be derived analytically by minimizing the fraction
of missing information in the EM algorithm. The proposed data augmenta-
tion scheme is then utilized to design efficient Markov chain Monte Carlo
(MCMC) algorithms for Bayesian inference of some non-Gaussian and non-
linear state space models, via a mixture of normals approximation coupled
with a block-specific reparametrization strategy. Applications on simulated
and benchmark real data sets indicate that the proposed MCMC sampler can
yield improvements in simulation efficiency compared with centering, non-
centering and even the ancillarity-sufficiency interweaving strategy.

Key words and phrases: Data augmentation, state space model, stochas-
tic volatility model, EM algorithm, reparametrization, Markov chain Monte
Carlo, ancillarity-sufficiency interweaving strategy.
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Distributed Bayesian Inference in Massive
Spatial Data
Rajarshi Guhaniyogi, Cheng Li, Terrance Savitsky and Sanvesh Srivastava

Abstract. Gaussian process (GP) regression is computationally expensive
in spatial applications involving massive data. Various methods address this
limitation, including a small number of Bayesian methods based on dis-
tributed computations (or the divide-and-conquer strategy). Focusing on the
latter literature, we achieve three main goals. First, we develop an extensible
Bayesian framework for distributed spatial GP regression that embeds many
popular methods. The proposed framework has three steps that partition the
entire data into many subsets, apply a readily available Bayesian spatial pro-
cess model in parallel on all the subsets, and combine the posterior distri-
butions estimated on all the subsets into a pseudo posterior distribution that
conditions on the entire data. The combined pseudo posterior distribution
replaces the full data posterior distribution in prediction and inference prob-
lems. Demonstrating our framework’s generality, we extend posterior com-
putations for (nondistributed) spatial process models with a stationary full-
rank and a nonstationary low-rank GP priors to the distributed setting. Sec-
ond, we contrast the empirical performance of popular distributed approaches
with some widely-used, nondistributed alternatives and highlight their rela-
tive advantages and shortcomings. Third, we provide theoretical support for
our numerical observations and show that the Bayes L2-risks of the combined
posterior distributions obtained from a subclass of the divide-and-conquer
methods achieves the near-optimal convergence rate in estimating the true
spatial surface with various types of covariance functions. Additionally, we
provide upper bounds on the number of subsets to achieve these near-optimal
rates.

Key words and phrases: Distributed Bayesian inference, Gaussian process,
low-rank Gaussian process, massive spatial data, Wasserstein barycenter.
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The Secret Life of I. J. Good
Sandy Zabell

Abstract. I. J. (“Jack”) Good was a leading Bayesian statistician for more
than half a century after World War II, playing an important role in the post-
war Bayesian revival. But his graduate training had been in pure mathematics
rather than statistics (one of his doctoral advisors at Cambridge had been the
famous G. H. Hardy). What was responsible for this metamorphosis from
pure mathematician to applied and theoretical statistician? As Good himself
only revealed in 1976, during the war he had initially served as an assistant to
Alan Turing at Bletchley Park, working on the cryptanalysis of the German
Naval Enigma, and it was from Turing that he acquired his life-long Bayesian
philosophy. Declassified and other documents now permit us to understand
in some detail how this came about, and indeed how many of the ideas Good
explored and papers he wrote in the initial decades after the war, in fact, gave
in sanitized form, results that had their origins in his wartime work. Drawing
on these sources, this paper discusses the daily and very real use of Bayesian
methods Turing and Good employed, and how this was gradually revealed by
Good over the course of his life (including his return to classified work in the
1950s).

Key words and phrases: I. J. Good, Alan Turing, Bayesian statistics,
Bletchley Park, cryptanalysis, Enigma machine, Banburismus, deciban,
weight of evidence, Tunny.
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Cross-Study Replicability in Cluster Analysis
Lorenzo Masoero, Emma Thomas, Giovanni Parmigiani, Svitlana Tyekucheva and
Lorenzo Trippa

Abstract. In cancer research, clustering techniques are widely used for ex-
ploratory analyses, playing a critical role in the identification of novel cancer
subtypes and patient management. As data collected by multiple research
groups grows, it is increasingly feasible to investigate the replicability of
clustering procedures, that is, their ability to consistently recover biologi-
cally meaningful clusters across several data sets. In this paper, we review
methods for replicability of clustering analyses, and discuss a novel frame-
work for evaluating cross-study clustering replicability, useful when two or
more studies are available. Our approach can be applied to any clustering al-
gorithm and can employ different measures of similarity between partitions
to quantify replicability, globally (i.e., for the whole sample) as well as lo-
cally (i.e., for individual clusters). Using experiments on synthetic and real
gene expression data, we illustrate the usefulness of our procedure to evalu-
ate if the same clusters are identified consistently across a collection of data
sets.

Key words and phrases: Clustering, replicability, multiple studies.
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Principal Fairness for Human and
Algorithmic Decision-Making
Kosuke Imai and Zhichao Jiang

Abstract. Using the concept of principal stratification from the causal infer-
ence literature, we introduce a new notion of fairness, called principal fair-
ness, for human and algorithmic decision-making. Principal fairness states
that one should not discriminate among individuals who would be similarly
affected by the decision. Unlike the existing statistical definitions of fair-
ness, principal fairness explicitly accounts for the fact that individuals can be
impacted by the decision. This causal fairness formulation also enables on-
line or post-hoc fairness evaluation and policy learning. We also explain how
principal fairness relates to the existing causality-based fairness criteria. In
contrast to the counterfactual fairness criteria, for example, principal fairness
considers the effects of decision in question rather than those of protected
attributes of interest. Finally, we discuss how to conduct empirical evaluation
and policy learning under the proposed principal fairness criterion.

Key words and phrases: Algorithmic fairness, causal inference, potential
outcomes, principal stratification.

REFERENCES

[1] AGARWAL, A., BEYGELZIMER, A., DUDÍK, M., LANG-
FORD, J. and WALLACH, H. (2018). A reductions approach
to fair classification. In International Conference on Machine
Learning 60–69. PMLR.

[2] BAROCAS, S., HARDT, M. and NARAYANAN, A. (2019). Fair-
ness and Machine Learning. fairmlbook.org. Available at http:
//www.fairmlbook.org.

[3] BAROCAS, S. and SELBST, A. D. (2016). Big data’s disparate
impact. California Law Review 104 671–732.

[4] BEN-MICHAEL, E., IMAI, K. and JIANG, Z. (2022). Pol-
icy learning with assymetric utilities. Technical Report. ArXiv
Preprint. Available at https://arxiv.org/pdf/2206.10479.pdf.

[5] BERK, R., HEIDARI, H., JABBARI, S., KEARNS, M. and
ROTH, A. (2021). Fairness in criminal justice risk assessments:
The state of the art. Sociol. Methods Res. 50 3–44. MR4198551
https://doi.org/10.1177/0049124118782533

[6] BEUTEL, A., CHEN, J., DOSHI, T., QIAN, H., WOODRUFF, A.,
LUU, C., KREITMANN, P., BISCHOF, J. and CHI, E. H. (2019).
Putting fairness principles into practice: Challenges, metrics, and
improvements. In Proceedings of the 2019 AAAI/ACM Confer-
ence on AI, Ethics, and Society. AIES’19 453–459. Association
for Computing Machinery, New York, NY, USA.

[7] CELIS, L. E., HUANG, L., KESWANI, V. and VISHNOI, N. K.
(2019). Classification with fairness constraints: A meta-
algorithm with provable guarantees. In Proceedings of the Con-
ference on Fairness, Accountability, and Transparency 319–328.

[8] CHIAPPA, S. (2019). Path-specific counterfactual fairness. In
Proceedings of the AAAI Conference on Artificial Intelligence 33
7801–7808.

[9] CHOULDECHOVA, A. (2017). Fair prediction with disparate im-
pact: A study of bias in recidivism prediction instruments. Big
Data 5 153–163. https://doi.org/10.1089/big.2016.0047

[10] CHOULDECHOVA, A. and ROTH, A. (2020). A snapshot of the
frontiers of fairness in machine learning. Commun. ACM 63 82–
89.

[11] CORBETT-DAVIES, S. and GOEL, S. (2018). The Measure and
Mismeasure of Fairness: A Critical Review of Fair Machine
Learning. Technical Report. Available at arXiv:1808.00023.

[12] COSTON, A., MISHLER, A., KENNEDY, E. H. and CHOULDE-
CHOVA, A. (2020). Counterfactual risk assessments, evaluation,
and fairness. In Proceedings of the 2020 Conference on Fairness,
Accountability, and Transparency 582–593.

[13] D’AMOUR, A., SRINIVASAN, H., ATWOOD, J., BALJEKAR, P.,
SCULLEY, D. and HALPERN, Y. (2020). Fairness is not static:
Deeper understanding of long term fairness via simulation stud-
ies. In FAT*’20: Proceedings of the 2020 Conference on Fair-
ness, Accountability, and Transparency 525–534.

[14] DWORK, C., HARDT, M., PITASSI, T., REINGOLD, O. and
ZEMEL, R. (2012). Fairness through awareness. In Proceedings
of the 3rd Innovations in Theoretical Computer Science Confer-
ence 214–226. ACM, New York. MR3388391

[15] FISHER, R. A. (1935). The Design of Experiments. Oliver and
Boyd, London.

Kosuke Imai is Professor, Department of Government and Department of Statistics, Harvard University. 1737 Cambridge Street,
Institute for Quantitative Social Science, Cambridge, Massachusetts 02138, USA (e-mail: imai@harvard.edu). Zhichao Jiang
(corresponding author) is Professor, School of Mathematics, Sun Yat-sen University, Guangzhou, Guangdong 510275, China
(e-mail: jiangzhch7@mail.sysu.edu.cn).

https://imstat.org/journals-and-publications/statistical-science/
https://doi.org/10.1214/22-STS872
https://www.imstat.org
http://www.fairmlbook.org
https://arxiv.org/pdf/2206.10479.pdf
https://mathscinet.ams.org/mathscinet-getitem?mr=4198551
https://doi.org/10.1177/0049124118782533
https://doi.org/10.1089/big.2016.0047
http://arxiv.org/abs/arXiv:1808.00023
https://mathscinet.ams.org/mathscinet-getitem?mr=3388391
mailto:imai@harvard.edu
mailto:jiangzhch7@mail.sysu.edu.cn
http://www.fairmlbook.org


[16] FRANGAKIS, C. E. and RUBIN, D. B. (2002). Principal strati-
fication in causal inference. Biometrics 58 21–29. MR1891039
https://doi.org/10.1111/j.0006-341X.2002.00021.x

[17] GREINER, D. J. and RUBIN, D. B. (2011). Causal effects of per-
ceived immutable characteristics. Rev. Econ. Stat. 93 775–785.

[18] HARDT, M., PRICE, E. and SREBRO, N. (2016). Equality of op-
portunity in supervised learning. Technical Report. Available at
arXiv:1610.02413.

[19] HOLLAND, P. W. (1986). Statistics and causal inference. J. Amer.
Statist. Assoc. 81 945–970. MR0867618

[20] IMAI, K., JIANG, Z., GREINER, D. J., HALEN, R. and SHIN, S.
(2022). Experimental evaluation of computer-assisted human
decision-making: Application to pretrial risk assessment instru-
ment (with discussions). J. Roy. Statist. Soc. Ser. A To appear.

[21] JACKSON, J. W. and VANDERWEELE, T. J. (2018). Decom-
position analysis to identify intervention targets for reducing
disparities. Epidemiology 29 825–835. https://doi.org/10.1097/
EDE.0000000000000901

[22] JOHNDROW, J. E. and LUM, K. (2019). An algorithm for re-
moving sensitive information: Application to race-independent
recidivism prediction. Ann. Appl. Stat. 13 189–220. MR3937426
https://doi.org/10.1214/18-AOAS1201

[23] KALLUS, N. and ZHOU, A. (2019). Assessing disparate impact
of personalized interventions: Identifiability and bounds. In 33rd
Conference on Neural Information Processing Systems.

[24] KAMISHIMA, T., AKAHO, S. and SAKUMA, J. (2011). Fairness-
aware learning through regularization approach. In 2011 IEEE
11th International Conference on Data Mining Workshops 643–
650.

[25] KILBERTUS, N., CARULLA, M. R., PARASCANDOLO, G.,
HARDT, M., JANZING, D. and SCHÖLKOPF, B. (2017). Avoid-
ing discrimination through causal reasoning. In Advances in Neu-
ral Information Processing Systems 656–666.

[26] KLEINBERG, J., MULLAINATHAN, S. and RAGHAVAN, M.
(2017). Inherent trade-offs in the fair determination of risk
scores. In 8th Innovations in Theoretical Computer Science Con-
ference C. H. Papadimitrou, ed.). LIPIcs. Leibniz Int. Proc. In-
form. 67 Art. No. 43. Schloss Dagstuhl. Leibniz-Zent. Inform.,
Wadern. MR3754967

[27] KNOX, D., LOWE, W. and MUMMOLO, J. (2022). Administra-
tive records mask racially biased policing. Am. Polit. Sci. Rev.
114 619–637.

[28] KUSNER, M., LOFTUS, J., RUSSELL, C. and SILVA, R. (2017).
Counterfactual fairness. In Proceedings of the 31st Conference
on Neural Information Processing Systems.

[29] MITCHELL, S., POTASH, E., BAROCAS, S., D’AMOUR, A. and
LUM, K. (2021). Algorithmic fairness: Choices, assumptions,
and definitions. Annu. Rev. Stat. Appl. 8 141–163. MR4243544
https://doi.org/10.1146/annurev-statistics-042720-125902

[30] NABI, R. and SHPITSER, I. (2018). Fair inference on outcomes.
In Thirty-Second AAAI Conference on Artificial Intelligence.

[31] NEYMAN, J. (1923). On the application of probability theory to
agricultural experiments: Essay on principles, Section 9. (Trans-
lated in 1990). Statist. Sci. 5 465–480. MR1092986

[32] PLECKO, D. and BAREINBOIM, E. (2022). Causal Fairness
Analysis. Technical Report. ArXiv Preprint. Available at https:
//arxiv.org/abs/2207.11385.
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Confidence and Discoveries with E-values
Vladimir Vovk and Ruodu Wang

Abstract. We discuss systematically two versions of confidence regions:
those based on p-values and those based on e-values, a recent alternative to
p-values. Both versions can be applied to multiple hypothesis testing, and in
this paper we are interested in procedures that control the number of false dis-
coveries under arbitrary dependence between the base p- or e-values. We in-
troduce a procedure that is based on e-values and show that it is efficient both
computationally and statistically using simulated and real-world data sets.
Comparison with the corresponding standard procedure based on p-values
is not straightforward, but there are indications that the new one performs
significantly better in some situations.

Key words and phrases: Hypothesis testing, multiple hypothesis testing,
Bayes factor, discovery vector, discovery matrix.
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Abstract. Gábor J. Székely was born in Budapest, Hungary on February 4,
1947. He graduated from Eötvös Loránd University (ELTE) with an M.S.
degree in 1970, and a Ph.D. degree in 1971. He received his Candidate De-
gree from the Hungarian Academy of Sciences in 1976, and the Doctor of
Science Degree (D. Sc.) from the Hungarian Academy of Sciences in 1986.
Székely joined the Department of Probability Theory of ELTE in 1970. In
1989, he became the founding chair of the Department of Stochastics of
the Budapest Institute of Technology (Technical University of Budapest). In
1995, he moved to the United States as a tenured full professor at Bowl-
ing Green State University (BGSU) in Bowling Green, Ohio. Before that,
in 1990–1991, he was the first Lukacs Distinguished Professor at BGSU.
Székely had several visiting positions, for example, at the University of Am-
sterdam in 1977 and at Yale University in 1989. Between 2006 and 2022,
he served as a Program Director in the Statistics Program of the Division
of Mathematical Sciences at the U.S. National Science Foundation. Székely
has about 250 publications, including 6 books in several languages. In 1988,
he received the Rollo Davidson Prize from Cambridge University, jointly
with Imre Z. Ruzsa for their work on algebraic probability theory. In 2010,
Székely became an Elected Fellow of the Institute of Mathematical Statistics
mostly for his works dealing with physics concepts in statistics like energy
statistics and distance correlation. He had the fortune to know and work with
world-class mathematicians and statisticians like (in chronological order of
their first meetings): P. Erdős, A. Rényi, Y. Linnik, B. de Finetti, A. N. Kol-
mogorov, H. Robbins, G. Pólya, L. Shepp, G. Wahba, C. R. Rao, B. Efron, P.
Bickel and E. Seneta.

Key words and phrases: Distance correlation, energy of data, Lukacs Pro-
fessorship, negative probability, uncertainty principle of games.
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