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Identification of Causal Effects Within
Principal Strata Using Auxiliary Variables
Zhichao Jiang and Peng Ding

Abstract. In causal inference, principal stratification is a framework for
dealing with a posttreatment intermediate variable between a treatment and
an outcome. In this framework, the principal strata are defined by the joint
potential values of the intermediate variable. Because the principal strata are
not fully observable, the causal effects within them, also known as the prin-
cipal causal effects, are not identifiable without additional assumptions. Sev-
eral previous empirical studies leveraged auxiliary variables to improve the
inference of principal causal effects. We establish a general theory for the
identification and estimation of principal causal effects with auxiliary vari-
ables, which provides a solid foundation for statistical inference and more
insights for model building in empirical research. In particular, we consider
two commonly used assumptions for principal stratification problems: prin-
cipal ignorability and the conditional independence between the auxiliary
variable and the outcome given principal strata and covariates. Under each
assumption, we give nonparametric and semiparametric identification results
without modeling the outcome. When neither assumption is plausible, we
propose a large class of flexible parametric and semiparametric models for
identifying principal causal effects. Our theory not only establishes formal
identification results of several models that have been used in previous empir-
ical studies but also generalizes them to allow for different types of outcomes
and intermediate variables.

Key words and phrases: Augmented design, auxiliary independence, iden-
tification, principal ignorability, principal stratification.
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Confidence as Likelihood
Yudi Pawitan and Youngjo Lee

Abstract. Confidence and likelihood are fundamental statistical concepts
with distinct technical interpretation and usage. Confidence is a meaningful
concept of uncertainty within the context of confidence-interval procedure,
while likelihood has been used predominantly as a tool for statistical mod-
elling and inference given observed data. Here we show that confidence is
in fact an extended likelihood, thus giving a much closer correspondence be-
tween the two concepts. This result gives the confidence concept an external
meaning outside the confidence-interval context, and vice versa, it gives the
confidence interpretation to the likelihood. In addition to the obvious inter-
pretation purposes, this connection suggests two-way transfers of technical
information. For example, the extended likelihood theory gives a clear way
to update or combine confidence information. On the other hand, the confi-
dence connection means that intervals derived from the extended likelihood
have the same status as confidence intervals. This gives the extended likeli-
hood direct access to the frequentist probability, an objective certification not
directly available to the classical likelihood.

Key words and phrases: Confidence density and distribution, confidence
interval, epistemic probability, fiducial probability.
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Revisiting the Gelman–Rubin Diagnostic
Dootika Vats and Christina Knudson

Abstract. Gelman and Rubin’s (Statist. Sci. 7 (1992) 457–472) convergence
diagnostic is one of the most popular methods for terminating a Markov chain
Monte Carlo (MCMC) sampler. Since the seminal paper, researchers have
developed sophisticated methods for estimating variance of Monte Carlo av-
erages. We show that these estimators find immediate use in the Gelman–
Rubin statistic, a connection not previously established in the literature. We
incorporate these estimators to upgrade both the univariate and multivariate
Gelman–Rubin statistics, leading to improved stability in MCMC termina-
tion time. An immediate advantage is that our new Gelman–Rubin statistic
can be calculated for a single chain. In addition, we establish a one-to-one
relationship between the Gelman–Rubin statistic and effective sample size.
Leveraging this relationship, we develop a principled termination criterion
for the Gelman–Rubin statistic. Finally, we demonstrate the utility of our im-
proved diagnostic via examples.

Key words and phrases: Markov chain Monte Carlo, Gelman–Rubin, con-
vergence diagnostic, effective sample size, batch means.
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Comparison of Two Frameworks for
Analyzing Longitudinal Data
Jie Zhou, Xiao-Hua Zhou and Liuquan Sun

Abstract. Under the random design of longitudinal data, observation times
are irregular, and there are mainly two frameworks for analyzing such kind
of longitudinal data. One is the clustered data framework and the other is the
counting process framework. In this paper, we give a thorough comparison
of these two frameworks in terms of data structure, model assumptions and
estimation procedures. We find that modeling the observation times in the
counting process framework will not gain any efficiency when the observa-
tion times are correlated with covariates but independent of the longitudinal
response given covariates. Some simulation studies are conducted to compare
the finite sample behaviors of the related estimators, and a real data analysis
of the Alzheimer’s disease study is implemented for further comparison.

Key words and phrases: Clustered data framework, counting process
framework, estimation procedures, longitudinal data.
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Symmetrical and Non-symmetrical Variants
of Three-Way Correspondence Analysis for
Ordered Variables
Rosaria Lombardo, Eric J. Beh and Pieter M. Kroonenberg

Abstract. In the framework of multi-way data analysis, this paper presents
symmetrical and non-symmetrical variants of three-way correspondence
analysis that are suitable when a three-way contingency table is constructed
from ordinal variables. In particular, such variables may be modelled using
general recurrence formulae to generate orthogonal polynomial vectors in-
stead of singular vectors coming from one of the possible three-way exten-
sions of the singular value decomposition. As we shall see, these polyno-
mials, that until now have been used to decompose two-way contingency ta-
bles with ordered variables, also constitute an alternative orthogonal basis for
modelling symmetrical, non-symmetrical associations and predictabilities in
three-way contingency tables. Consequences with respect to modelling and
graphing will be highlighted.

Key words and phrases: Symmetrical and non-symmetrical three-way cor-
respondence analysis, ordinal categorical variables, orthogonal polynomials,
trivariate moment decomposition.
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In Defense of the Indefensible: A Very Naïve
Approach to High-Dimensional Inference
Sen Zhao, Daniela Witten and Ali Shojaie

Abstract. A great deal of interest has recently focused on conducting infer-
ence on the parameters in a high-dimensional linear model. In this paper, we
consider a simple and very naïve two-step procedure for this task, in which
we (i) fit a lasso model in order to obtain a subset of the variables, and (ii) fit
a least squares model on the lasso-selected set. Conventional statistical wis-
dom tells us that we cannot make use of the standard statistical inference
tools for the resulting least squares model (such as confidence intervals and
p-values), since we peeked at the data twice: once in running the lasso, and
again in fitting the least squares model. However, in this paper, we show that
under a certain set of assumptions, with high probability, the set of variables
selected by the lasso is identical to the one selected by the noiseless lasso and
is hence deterministic. Consequently, the naïve two-step approach can yield
asymptotically valid inference. We utilize this finding to develop the naïve
confidence interval, which can be used to draw inference on the regression
coefficients of the model selected by the lasso, as well as the naïve score test,
which can be used to test the hypotheses regarding the full-model regression
coefficients.

Key words and phrases: Confidence interval, lasso, p-value, post-selection
inference, significance testing.
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ERDŐS, P. and RÉNYI, A. (1959). On random graphs. I. Publ. Math.
Debrecen 6 290–297. MR0120167

FAN, J., GUO, S. and HAO, N. (2012). Variance estimation us-
ing refitted cross-validation in ultrahigh dimensional regression.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 74 37–65. MR2885839
https://doi.org/10.1111/j.1467-9868.2011.01005.x

FAN, J. and LI, R. (2001). Variable selection via noncon-
cave penalized likelihood and its oracle properties. J. Amer.
Statist. Assoc. 96 1348–1360. MR1946581 https://doi.org/10.1198/
016214501753382273

GAUTIER, L., COPE, L., BOLSTAD, B. M. and IRIZARRY, R. A.
(2004). affy—Analysis of Affymetrix GeneChip data at the probe
level. Bioinformatics 20 307–315.

GELMAN, A. and HILL, J. (2006). Analytical Methods for Social Re-
search. Cambridge Univ. Press, New York.

GILBERT, E. N. (1959). Random graphs. Ann. Math. Stat. 30 1141–
1144. MR0108839 https://doi.org/10.1214/aoms/1177706098

HAHN, J. (1998). On the role of the propensity score in efficient semi-
parametric estimation of average treatment effects. Econometrica
66 315–331. MR1612242 https://doi.org/10.2307/2998560

HASTIE, T., TIBSHIRANI, R. and FRIEDMAN, J. (2009). The Ele-
ments of Statistical Learning: Data Mining, Inference, and Pre-

Sen Zhao is Senior Data Scientist, Google Research, 1600 Amphitheatre Parkway, Mountain View, California 94043, USA (e-mail:
senzhao@google.com). Daniela Witten is Professor of Statistics and Biostatistics, University of Washington, Health Sciences
Building, Box 357232, Seattle, Washington 98195, USA (e-mail: dwitten@uw.edu). Ali Shojaie is Professor of Biostatistics,
University of Washington, Health Sciences Building, Box 357232, Seattle, Washington 98195, USA (e-mail: ashojaie@uw.edu).

https://imstat.org/journals-and-publications/statistical-science/
https://doi.org/10.1214/20-STS815
https://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3037163
https://doi.org/10.3150/11-BEJ410
http://www.ams.org/mathscinet-getitem?mr=3099122
https://doi.org/10.1214/12-AOS1077
http://www.ams.org/mathscinet-getitem?mr=2533469
https://doi.org/10.1214/08-AOS620
http://www.ams.org/mathscinet-getitem?mr=0378189
https://doi.org/10.1093/biomet/62.2.441
http://www.ams.org/mathscinet-getitem?mr=3432840
https://doi.org/10.1214/15-STS527
http://www.ams.org/mathscinet-getitem?mr=3215347
https://doi.org/10.1093/biomet/ast065
http://www.ams.org/mathscinet-getitem?mr=2887848
https://doi.org/10.1016/j.crma.2011.12.014
http://www.ams.org/mathscinet-getitem?mr=0120167
http://www.ams.org/mathscinet-getitem?mr=2885839
https://doi.org/10.1111/j.1467-9868.2011.01005.x
http://www.ams.org/mathscinet-getitem?mr=1946581
https://doi.org/10.1198/016214501753382273
http://www.ams.org/mathscinet-getitem?mr=0108839
https://doi.org/10.1214/aoms/1177706098
http://www.ams.org/mathscinet-getitem?mr=1612242
https://doi.org/10.2307/2998560
mailto:senzhao@google.com
mailto:dwitten@uw.edu
mailto:ashojaie@uw.edu
https://doi.org/10.1093/biomet/ast065
https://doi.org/10.1016/j.crma.2011.12.014
https://doi.org/10.1198/016214501753382273


diction, 2nd ed. Springer Series in Statistics. Springer, New York.
MR2722294 https://doi.org/10.1007/978-0-387-84858-7

HIRANO, K., IMBENS, G. W. and RIDDER, G. (2003). Effi-
cient estimation of average treatment effects using the esti-
mated propensity score. Econometrica 71 1161–1189. MR1995826
https://doi.org/10.1111/1468-0262.00442

HOLM, S. (1979). A simple sequentially rejective multiple test proce-
dure. Scand. J. Stat. 6 65–70. MR0538597

HORVATH, S. and DONG, J. (2008). Geometric interpretation of gene
coexpression network analysis. PLoS Comput. Biol. 4 e1000117,
27. MR2443399 https://doi.org/10.1371/journal.pcbi.1000117

HORVATH, S., ZHANG, B., CARLSON, M., LU, K. V., ZHU, S., FEL-
CIANO, R. M., LAURANCE, M. F., ZHAO, W., QI, S. et al. (2006).
Analysis of oncogenic signaling networks in glioblastoma identi-
fies aspm as a molecular target. Proc. Natl. Acad. Sci. USA 103
17402–17407.

JAVANMARD, A. and MONTANARI, A. (2013). Confidence intervals
and hypothesis testing for high-dimensional statistical models. In
Advances in Neural Information Processing Systems 26 (C. J. C.
Burges, L. Bottou, M. Welling, Z. Ghahramani and K. Q. Wein-
berger, eds.) 1187–1195. Curran Associates, Red Hook.

JAVANMARD, A. and MONTANARI, A. (2014a). Confidence intervals
and hypothesis testing for high-dimensional regression. J. Mach.
Learn. Res. 15 2869–2909. MR3277152

JAVANMARD, A. and MONTANARI, A. (2014b). Hypothesis testing
in high-dimensional regression under the Gaussian random design
model: Asymptotic theory. IEEE Trans. Inf. Theory 60 6522–6554.
MR3265038 https://doi.org/10.1109/TIT.2014.2343629

JIN, T., WANG, Y., LI, G., DU, S., YANG, H., GENG, T., HOU, P.
and GONG, Y. (2015). Analysis of difference of association be-
tween polymorphisms in the XRCC5, RPA3 and RTEL1 genes and
glioma, astrocytoma and glioblastoma. Am. J. Cancer Res. 5 2294–
2300.

KABAILA, P. (1998). Valid confidence intervals in regression after
variable selection. Econometric Theory 14 463–482. MR1650037
https://doi.org/10.1017/S0266466698144031

KABAILA, P. (2009). The coverage properties of confidence regions
after model selection. Int. Stat. Rev. 77 405–414.

KOLACZYK, E. D. (2009). Statistical Analysis of Network Data:
Methods and Models. Springer Series in Statistics. Springer, New
York. MR2724362 https://doi.org/10.1007/978-0-387-88146-1

LEE, J. D., SUN, D. L., SUN, Y. and TAYLOR, J. E. (2016). Exact
post-selection inference, with application to the lasso. Ann. Statist.
44 907–927. MR3485948 https://doi.org/10.1214/15-AOS1371

LEEB, H. and PÖTSCHER, B. M. (2003). The finite-sample dis-
tribution of post-model-selection estimators and uniform versus
nonuniform approximations. Econometric Theory 19 100–142.
MR1965844 https://doi.org/10.1017/S0266466603191050

LEEB, H. and PÖTSCHER, B. M. (2005). Model selection and
inference: Facts and fiction. Econometric Theory 21 21–59.
MR2153856 https://doi.org/10.1017/S0266466605050036

LEEB, H. and PÖTSCHER, B. M. (2006a). Can one estimate
the conditional distribution of post-model-selection estimators?
Ann. Statist. 34 2554–2591. MR2291510 https://doi.org/10.1214/
009053606000000821

LEEB, H. and PÖTSCHER, B. M. (2006b). Performance limits for es-
timators of the risk or distribution of shrinkage-type estimators, and
some general lower risk-bound results. Econometric Theory 22 69–
97. MR2212693 https://doi.org/10.1017/S0266466606060038

LEEB, H. and PÖTSCHER, B. M. (2008). Can one estimate the uncon-
ditional distribution of post-model-selection estimators? Econo-
metric Theory 24 338–376. MR2422862 https://doi.org/10.1017/
S0266466608080158

LEEB, H., PÖTSCHER, B. M. and EWALD, K. (2015). On various
confidence intervals post-model-selection. Statist. Sci. 30 216–227.
MR3353104 https://doi.org/10.1214/14-STS507

MEINSHAUSEN, N. and BÜHLMANN, P. (2006). High-dimensional
graphs and variable selection with the lasso. Ann. Statist. 34 1436–
1462. MR2278363 https://doi.org/10.1214/009053606000000281

MEINSHAUSEN, N., MEIER, L. and BÜHLMANN, P. (2009). p-values
for high-dimensional regression. J. Amer. Statist. Assoc. 104 1671–
1681. MR2750584 https://doi.org/10.1198/jasa.2009.tm08647

NING, Y. and LIU, H. (2017). A general theory of hypothesis
tests and confidence regions for sparse high dimensional mod-
els. Ann. Statist. 45 158–195. MR3611489 https://doi.org/10.1214/
16-AOS1448

PÖTSCHER, B. M. (1991). Effects of model selection on inference.
Econometric Theory 7 163–185. MR1128410 https://doi.org/10.
1017/S0266466600004382

REID, S., TIBSHIRANI, R. and FRIEDMAN, J. (2016). A study of er-
ror variance estimation in lasso regression. Statist. Sinica 26 35–67.
MR3468344

ROSSET, S., ZHU, J. and HASTIE, T. (2004). Boosting as a regular-
ized path to a maximum margin classifier. J. Mach. Learn. Res. 5
941–973. MR2248005

SUN, T. and ZHANG, C.-H. (2012). Scaled sparse linear regres-
sion. Biometrika 99 879–898. MR2999166 https://doi.org/10.1093/
biomet/ass043

TAYLOR, J. and TIBSHIRANI, R. J. (2015). Statistical learning and
selective inference. Proc. Natl. Acad. Sci. USA 112 7629–7634.
MR3371123 https://doi.org/10.1073/pnas.1507583112

TIBSHIRANI, R. (1996). Regression shrinkage and selection via the
lasso. J. Roy. Statist. Soc. Ser. B 58 267–288. MR1379242

TIBSHIRANI, R. J. (2013). The lasso problem and uniqueness. Elec-
tron. J. Stat. 7 1456–1490. MR3066375 https://doi.org/10.1214/
13-EJS815

TIBSHIRANI, R. J., TAYLOR, J., LOCKHART, R. and TIBSHIRANI, R.
(2016). Exact post-selection inference for sequential regression
procedures. J. Amer. Statist. Assoc. 111 600–620. MR3538689
https://doi.org/10.1080/01621459.2015.1108848

TROPP, J. A. (2006). Just relax: Convex programming methods for
identifying sparse signals in noise. IEEE Trans. Inf. Theory 52
1030–1051. MR2238069 https://doi.org/10.1109/TIT.2005.864420

VAN DE GEER, S. (2017). Some exercises with the lasso and its com-
patibility constant. Preprint. Available at arXiv:1701.03326.

VAN DE GEER, S. A. and BÜHLMANN, P. (2009). On the conditions
used to prove oracle results for the lasso. Electron. J. Stat. 3 1360–
1392. MR2576316 https://doi.org/10.1214/09-EJS506

VAN DE GEER, S., BÜHLMANN, P., RITOV, Y. and DEZEURE, R.
(2014). On asymptotically optimal confidence regions and tests for
high-dimensional models. Ann. Statist. 42 1166–1202. MR3224285
https://doi.org/10.1214/14-AOS1221

VARDABASSO, C., HASSON, D., RATNAKUMAR, K., CHUNG, C.-
Y., DUARTE, L. F. and BERNSTEIN, E. (2014). Histone variants:
Emerging players in cancer biology. Cell. Mol. Life Sci. 71 379–
404. https://doi.org/10.1007/s00018-013-1343-z

VOORMAN, A., SHOJAIE, A. and WITTEN, D. M. (2014). Inference
in high dimensions with the penalized score test. Preprint. Available
at arXiv:1401.2678.

WAINWRIGHT, M. J. (2009). Sharp thresholds for high-dimensional
and noisy sparsity recovery using �1-constrained quadratic pro-
gramming (lasso). IEEE Trans. Inf. Theory 55 2183–2202.
MR2729873 https://doi.org/10.1109/TIT.2009.2016018

WANG, J., HE, X. and XU, G. (2020). Debiased inference on treat-
ment effect in a high-dimensional model. J. Amer. Statist. As-
soc. 115 442–454. MR4078474 https://doi.org/10.1080/01621459.
2018.1558062

http://www.ams.org/mathscinet-getitem?mr=2722294
https://doi.org/10.1007/978-0-387-84858-7
http://www.ams.org/mathscinet-getitem?mr=1995826
https://doi.org/10.1111/1468-0262.00442
http://www.ams.org/mathscinet-getitem?mr=0538597
http://www.ams.org/mathscinet-getitem?mr=2443399
https://doi.org/10.1371/journal.pcbi.1000117
http://www.ams.org/mathscinet-getitem?mr=3277152
http://www.ams.org/mathscinet-getitem?mr=3265038
https://doi.org/10.1109/TIT.2014.2343629
http://www.ams.org/mathscinet-getitem?mr=1650037
https://doi.org/10.1017/S0266466698144031
http://www.ams.org/mathscinet-getitem?mr=2724362
https://doi.org/10.1007/978-0-387-88146-1
http://www.ams.org/mathscinet-getitem?mr=3485948
https://doi.org/10.1214/15-AOS1371
http://www.ams.org/mathscinet-getitem?mr=1965844
https://doi.org/10.1017/S0266466603191050
http://www.ams.org/mathscinet-getitem?mr=2153856
https://doi.org/10.1017/S0266466605050036
http://www.ams.org/mathscinet-getitem?mr=2291510
https://doi.org/10.1214/009053606000000821
http://www.ams.org/mathscinet-getitem?mr=2212693
https://doi.org/10.1017/S0266466606060038
http://www.ams.org/mathscinet-getitem?mr=2422862
https://doi.org/10.1017/S0266466608080158
http://www.ams.org/mathscinet-getitem?mr=3353104
https://doi.org/10.1214/14-STS507
http://www.ams.org/mathscinet-getitem?mr=2278363
https://doi.org/10.1214/009053606000000281
http://www.ams.org/mathscinet-getitem?mr=2750584
https://doi.org/10.1198/jasa.2009.tm08647
http://www.ams.org/mathscinet-getitem?mr=3611489
https://doi.org/10.1214/16-AOS1448
http://www.ams.org/mathscinet-getitem?mr=1128410
https://doi.org/10.1017/S0266466600004382
http://www.ams.org/mathscinet-getitem?mr=3468344
http://www.ams.org/mathscinet-getitem?mr=2248005
http://www.ams.org/mathscinet-getitem?mr=2999166
https://doi.org/10.1093/biomet/ass043
http://www.ams.org/mathscinet-getitem?mr=3371123
https://doi.org/10.1073/pnas.1507583112
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=3066375
https://doi.org/10.1214/13-EJS815
http://www.ams.org/mathscinet-getitem?mr=3538689
https://doi.org/10.1080/01621459.2015.1108848
http://www.ams.org/mathscinet-getitem?mr=2238069
https://doi.org/10.1109/TIT.2005.864420
http://arxiv.org/abs/arXiv:1701.03326
http://www.ams.org/mathscinet-getitem?mr=2576316
https://doi.org/10.1214/09-EJS506
http://www.ams.org/mathscinet-getitem?mr=3224285
https://doi.org/10.1214/14-AOS1221
https://doi.org/10.1007/s00018-013-1343-z
http://arxiv.org/abs/arXiv:1401.2678
http://www.ams.org/mathscinet-getitem?mr=2729873
https://doi.org/10.1109/TIT.2009.2016018
http://www.ams.org/mathscinet-getitem?mr=4078474
https://doi.org/10.1080/01621459.2018.1558062
https://doi.org/10.1214/009053606000000821
https://doi.org/10.1017/S0266466608080158
https://doi.org/10.1214/16-AOS1448
https://doi.org/10.1017/S0266466600004382
https://doi.org/10.1093/biomet/ass043
https://doi.org/10.1214/13-EJS815
https://doi.org/10.1080/01621459.2018.1558062


WASSERMAN, L. and ROEDER, K. (2009). High-dimensional
variable selection. Ann. Statist. 37 2178–2201. MR2543689
https://doi.org/10.1214/08-AOS646

WEISBERG, S. (2013). Applied Linear Regression. Wiley Series in
Probability and Statistics. Wiley, Hoboken, NJ. MR3237496

YOU, H., LIN, H. and ZHANG, Z. (2015). CKS2 in human cancers:
Clinical roles and current perspectives (review). Mol. Clin. Oncol.
3 459–463.

ZHANG, C.-H. (2010). Nearly unbiased variable selection under min-
imax concave penalty. Ann. Statist. 38 894–942. MR2604701
https://doi.org/10.1214/09-AOS729

ZHANG, B. and HORVATH, S. (2005). A general framework for
weighted gene co-expression network analysis. Stat. Appl. Genet.
Mol. Biol. 4 Art. 17, 45. MR2170433 https://doi.org/10.2202/
1544-6115.1128

ZHANG, C.-H. and HUANG, J. (2008). The sparsity and bias
of the LASSO selection in high-dimensional linear regression.
Ann. Statist. 36 1567–1594. MR2435448 https://doi.org/10.1214/
07-AOS520

ZHANG, C.-H. and ZHANG, S. S. (2014). Confidence intervals for
low dimensional parameters in high dimensional linear models.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 76 217–242. MR3153940
https://doi.org/10.1111/rssb.12026

ZHAO, S. and SHOJAIE, A. (2016). A significance test for graph-
constrained estimation. Biometrics 72 484–493. MR3515775
https://doi.org/10.1111/biom.12418

ZHAO, S., WITTEN, D. and SHOJAIE, A. (2021). Supplement to “In
Defense of the Indefensible: A Very Naïve Approach to High-
Dimensional Inference.” https://doi.org/10.1214/20-STS815SUPP

ZHAO, P. and YU, B. (2006). On model selection consistency of lasso.
J. Mach. Learn. Res. 7 2541–2563. MR2274449

ZHAO, S., OTTINGER, S., PECK, S., MAC DONALD, C. and
SHOJAIE, A. (2019). Network differential connectivity analysis.
Preprint. Available at arXiv:1909.13464.

ZHU, Y. and BRADIC, J. (2018). Significance testing in non-sparse
high-dimensional linear models. Electron. J. Stat. 12 3312–3364.
MR3861831 https://doi.org/10.1214/18-EJS1443

http://www.ams.org/mathscinet-getitem?mr=2543689
https://doi.org/10.1214/08-AOS646
http://www.ams.org/mathscinet-getitem?mr=3237496
http://www.ams.org/mathscinet-getitem?mr=2604701
https://doi.org/10.1214/09-AOS729
http://www.ams.org/mathscinet-getitem?mr=2170433
https://doi.org/10.2202/1544-6115.1128
http://www.ams.org/mathscinet-getitem?mr=2435448
https://doi.org/10.1214/07-AOS520
http://www.ams.org/mathscinet-getitem?mr=3153940
https://doi.org/10.1111/rssb.12026
http://www.ams.org/mathscinet-getitem?mr=3515775
https://doi.org/10.1111/biom.12418
https://doi.org/10.1214/20-STS815SUPP
http://www.ams.org/mathscinet-getitem?mr=2274449
http://arxiv.org/abs/arXiv:1909.13464
http://www.ams.org/mathscinet-getitem?mr=3861831
https://doi.org/10.1214/18-EJS1443
https://doi.org/10.2202/1544-6115.1128
https://doi.org/10.1214/07-AOS520


Statistical Science
2021, Vol. 36, No. 4, 578–594
https://doi.org/10.1214/20-STS816
© Institute of Mathematical Statistics, 2021

Robustness by Reweighting for Kernel
Estimators: An Overview
Kris De Brabanter and Jos De Brabanter

Abstract. Using least squares techniques, there is an awareness of the dan-
gers posed by the occurrence of outliers present in the data. In general, out-
liers may totally spoil an ordinary least squares analysis. To cope with this
problem, statistical techniques have been developed that are not so easily
affected by outliers. These methods are called robust or resistant. In this
overview paper, we illustrate that robust solutions can be acquired by solving
a reweighted least squares problem even though the initial solution is not ro-
bust. This overview paper relates classical results from robustness to the most
recent advances of robustness in least squares kernel based regression, with
an emphasis on theoretical results as well as practical examples. Software for
iterative reweighting is also made freely available to the user.

Key words and phrases: Kernel based regression, robustness, iterative
reweighting, influence function, robust model selection.
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Testing Randomness Online
Vladimir Vovk

Abstract. The hypothesis of randomness is fundamental in statistical ma-
chine learning and in many areas of nonparametric statistics; it says that the
observations are assumed to be independent and coming from the same un-
known probability distribution. This hypothesis is close, in certain respects,
to the hypothesis of exchangeability, which postulates that the distribution of
the observations is invariant with respect to their permutations. This paper
reviews known methods of testing the two hypotheses concentrating on the
online mode of testing, when the observations arrive sequentially. All known
online methods for testing these hypotheses are based on conformal martin-
gales, which are defined and studied in detail. An important variety of online
testing is change detection, where the use of conformal martingales leads to
conformal versions of the CUSUM and Shiryaev–Roberts procedures; these
versions work in the nonparametric setting where the data is assumed IID
according to a completely unknown distribution before the change. The pa-
per emphasizes conceptual and practical aspects and states two kinds of re-
sults. Validity results limit the probability of a false alarm or, in the case of
change detection, the frequency of false alarms for various procedures based
on conformal martingales. Efficiency results establish connections between
randomness, exchangeability, and conformal martingales.

Key words and phrases: Change detection, conformal prediction, ex-
changeability, martingale, online setting, testing randomness.
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A Conversation with Don Dawson
Bouchra R. Nasri, Bruno N. Rémillard, Barbara Szyszkowicz and Jean Vaillancourt

Abstract. Donald Andrew Dawson (Don Dawson) was born in 1937. He re-
ceived a bachelor’s degree in 1958 and a master’s degree in 1959 from McGill
University and a Ph.D. in 1963 from M.I.T. under the supervision of Henry P.
McKean, Jr. Following an appointment at McGill University as professor for
7 years, he joined Carleton University in 1970 where he remained for the rest
of his career. Among his many contributions to the theory of stochastic pro-
cesses, his work leading to the creation of the Dawson–Watanabe superpro-
cess and the analysis of its remarkable properties in describing the evolution
in space and time of populations, stand out as milestones of modern probabil-
ity theory. His numerous papers span the whole gamut of contemporary hot
areas, notably the study of stochastic evolution equations, measure-valued
processes, McKean–Vlasov limits, hierarchical structures, super-Brownian
motion, as well as branching, catalytic and historical processes. He has over
200 refereed publications and 8 monographs, with an impressive number of
citations, more than 7000. He is elected Fellow of the Royal Society and of
the Royal Society of Canada, as well as Gold medalist of the Statistical Soci-
ety of Canada and elected Fellow of the Institute of Mathematical Statistics.
We realized this interview to celebrate the outstanding contribution of Don
Dawson to 50 years of Stochastics at Carleton University.

Key words and phrases: Biography, probability, statistics, stochastic pro-
cesses, physics, biology.
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