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DESIGN ADMISSIBILITY AND DE LA GARZA PHENOMENON IN
MULTIFACTOR EXPERIMENTS

BY HOLGER DETTE!?, XIN L1U%P AND RONG-XIAN YUE™¢

1 Fakultiit fiir Mathematik, Ruhr-Universitit Bochum, ®holger.dette @ rub.de
2College of Science, Donghua University, YSiuxin@dhu.edu.cn
3Departmem of Mathematics, Shanghai Normal University, ©yue2 @ shnu.edu.cn

The determination of an optimal design for a given regression problem
is an intricate optimization problem, especially for models with multivari-
ate predictors. Design admissibility and invariance are main tools to reduce
the complexity of the optimization problem and have been successfully ap-
plied for models with univariate predictors. In particular, several authors have
developed sufficient conditions for the existence of minimally supported de-
signs in univariate models, where the number of support points of the op-
timal design equals the number of parameters. These results generalize the
celebrated de la Garza phenomenon (Ann. Math. Statistics 25 (1954) 123—
130), which states that for a polynomial regression model of degree k — 1 any
optimal design can be based on & points.

This paper provides—for the first time—extensions of these results for
models with a multivariate predictor. In particular, we study a geometric char-
acterization of the support points of an optimal design to provide sufficient
conditions for the occurrence of the de la Garza phenomenon in models with
multivariate predictors and characterize properties of admissible designs in
terms of admissibility of designs in conditional univariate regression models.
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EVIDENCE FACTORS FROM MULTIPLE, POSSIBLY INVALID,
INSTRUMENTAL VARIABLES

BY ANQI ZHAO"?, YOUJIN LEE>?, DYLAN S. SMALL*¢ AND BIKRAM KARMAKAR*{

1Departmemt of Statistics and Data Science, National University of Singapore, *staza@nus.edu.sg
2Department of Biostatistics, Brown University, byoujin_lee@brown. edu
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Valid instrumental variables enable treatment effect inference even when
selection into treatment is biased by unobserved confounders. When multiple
candidate instruments are available, but some of them are possibly invalid,
the previously proposed reinforced design enables one or more nearly inde-
pendent valid analyses that depend on very different assumptions. That is, we
can perform evidence factor analysis. However, the validity of the reinforced
design depends crucially on the order in which multiple instrumental variable
analyses are conducted. Motivated by the orthogonality of balanced factorial
designs, we propose a balanced block design to offset the possible violation
of the exclusion restriction by balancing the instruments against each other in
the design, and demonstrate its utility for constructing approximate evidence
factors under multiple analysis strategies free of the order imposition. We
also propose a novel stratification method using multiple, nested candidate
instruments, in which case the balanced block design is not applicable. We
apply our proposed methods to evaluate (a) the effect of education on future
earnings using instrumental variables arising from the disruption of education
during World War II via the balanced block design, and (b) the causal effect
of malaria on stunting among children in Western Kenya using three nested
instruments.
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Estimating the orders of the autoregressive fractionally integrated mov-
ing average (ARFIMA) model has been a long-standing problem in time se-
ries analysis. This paper tackles this challenge by establishing the consistency
of the Bayesian information criterion (BIC) for ARFIMA models with inde-
pendent errors. Since the memory parameter of the model can be any real
number, this consistency result is valid for short memory, long memory and
nonstationary time series. This paper further extends the consistency of the
BIC to ARFIMA models with conditional heteroscedastic errors, thereby ex-
tending its applications to encompass many real-life situations. Finite-sample
implications of the theoretical results are illustrated via numerical examples.
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Inferring causal relationships or related associations from observational
data can be invalidated by the existence of hidden confounding. We focus on
a high-dimensional linear regression setting, where the measured covariates
are affected by hidden confounding and propose the doubly debiased lasso
estimator for individual components of the regression coefficient vector. Our
advocated method simultaneously corrects both the bias due to estimation of
high-dimensional parameters as well as the bias caused by the hidden con-
founding. We establish its asymptotic normality and also prove that it is ef-
ficient in the Gauss—Markov sense. The validity of our methodology relies
on a dense confounding assumption, that is, that every confounding variable
affects many covariates. The finite sample performance is illustrated with an
extensive simulation study and a genomic application. The method is imple-
mented by the DDL package available from CRAN.
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While deep learning approaches to survival data have demonstrated em-
pirical success in applications, most of these methods are difficult to interpret
and mathematical understanding of them is lacking. This paper studies the
partially linear Cox model, where the nonlinear component of the model is
implemented using a deep neural network. The proposed approach is flexi-
ble and able to circumvent the curse of dimensionality, yet it facilitates in-
terpretability of the effects of treatment covariates on survival. We establish
asymptotic theories of maximum partial likelihood estimators and show that
our nonparametric deep neural network estimator achieves the minimax opti-
mal rate of convergence (up to a polylogarithmic factor). Moreover, we prove
that the corresponding finite-dimensional estimator for treatment covariate
effects is /n-consistent, asymptotically normal and attains semiparametric
efficiency. Extensive simulation studies and analyses of two real survival data
sets show the proposed estimator produces confidence intervals with superior
coverage as well as survival time predictions with superior concordance to
actual survival times.
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OPTIMAL DIFFERENCE-BASED VARIANCE ESTIMATORS IN TIME
SERIES: A GENERAL FRAMEWORK

By KIN WAI CHAN?

Department of Statistics, The Chinese University of Hong Kong, *kinwaichan @ cuhk.edu.hk

Variance estimation is important for statistical inference. It becomes
nontrivial when observations are masked by serial dependence structures
and time-varying mean structures. Existing methods either ignore or sub-
optimally handle these nuisance structures. This paper develops a general
framework for the estimation of the long-run variance for time series with
nonconstant means. The building blocks are difference statistics. The pro-
posed class of estimators is general enough to cover many existing estimators.
Necessary and sufficient conditions for consistency are investigated. The first
asymptotically optimal estimator is derived. Our proposed estimator is the-
oretically proven to be invariant to arbitrary mean structures, which may in-
clude trends and a possibly divergent number of discontinuities.
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The success of the Lasso in the era of high-dimensional data can be at-
tributed to its conducting an implicit model selection, that is, zeroing out
regression coefficients that are not significant. By contrast, classical ridge
regression cannot reveal a potential sparsity of parameters, and may also in-
troduce a large bias under the high-dimensional setting. Nevertheless, recent
work on the Lasso involves debiasing and thresholding, the latter in order
to further enhance the model selection. As a consequence, ridge regression
may be worth another look since—after debiasing and thresholding—it may
offer some advantages over the Lasso, for example, it can be easily com-
puted using a closed-form expression. In this paper, we define a debiased and
thresholded ridge regression method, and prove a consistency result and a
Gaussian approximation theorem. We further introduce a wild bootstrap al-
gorithm to construct confidence regions and perform hypothesis testing for a
linear combination of parameters. In addition to estimation, we consider the
problem of prediction, and present a novel, hybrid bootstrap algorithm tai-
lored for prediction intervals. Extensive numerical simulations further show
that the debiased and thresholded ridge regression has favorable finite sample
performance and may be preferable in some settings.

REFERENCES

BAIL, Z. D. and YIN, Y. Q. (1993). Limit of the smallest eigenvalue of a large-dimensional sample covariance
matrix. Ann. Probab. 21 1275-1294. MR1235416

BAsuU, S. and MICHAILIDIS, G. (2015). Regularized estimation in sparse high-dimensional time series models.
Ann. Statist. 43 1535-1567. MR3357870 https://doi.org/10.1214/15-A0S1315

BICKEL, P. J., RITOV, Y. and TSYBAKOV, A. B. (2009). Simultaneous analysis of lasso and Dantzig selector.
Ann. Statist. 37 1705-1732. MR25334609 https://doi.org/10.1214/08- AOS620

BUHLMANN, P. (2013). Statistical significance in high-dimensional linear models. Bernoulli 19 1212-1242.
MR3102549 https://doi.org/10.3150/12-BEJSP11

BUHLMANN, P. and VAN DE GEER, S. (2011). Statistics for High-Dimensional Data. Springer Series in Statistics.
Springer, Heidelberg. MR2807761 https://doi.org/10.1007/978-3-642-20192-9

CHATTERJEE, A. and LAHIRI, S. N. (2010). Asymptotic properties of the residual bootstrap for Lasso estimators.
Proc. Amer. Math. Soc. 138 4497-4509. MR2680074 https://doi.org/10.1090/S0002-9939-2010-10474-4

CHATTERIEE, A. and LAHIRI, S. N. (2011). Bootstrapping lasso estimators. J. Amer. Statist. Assoc. 106 608—625.
MR2847974 https://doi.org/10.1198/jasa.2011.tm10159

CHEN, X. and ZHOU, W.-X. (2020). Robust inference via multiplier bootstrap. Ann. Statist. 48 1665-1691.
MR4124339 https://doi.org/10.1214/19- AOS 1863

CHERNOZHUKOV, V., CHETVERIKOV, D. and KATO, K. (2013). Gaussian approximations and multiplier boot-
strap for maxima of sums of high-dimensional random vectors. Ann. Statist. 41 2786-2819. MR3161448
https://doi.org/10.1214/13-A0S1161

CHERNOZHUKOV, V., WUTHRICH, K. and ZHU, Y. (2019). Distributional conformal prediction. Preprint. Avail-
able at arXiv:1909.07889.

Da1, L., CHEN, K., SUN, Z., L1U, Z. and L1, G. (2018). Broken adaptive ridge regression and its asymptotic
properties. J. Multivariate Anal. 168 334-351. MR3858369 https://doi.org/10.1016/j.jmva.2018.08.007

MSC2020 subject classifications. 62J05, 62F40.
Key words and phrases. Gaussian approximation, high-dimensional data, Lasso, prediction, regression, resam-

pling.


https://imstat.org/journals-and-publications/annals-of-statistics/
https://doi.org/10.1214/21-AOS2156
http://www.imstat.org
mailto:yuz334@ucsd.edu
mailto:dpolitis@ucsd.edu
http://www.ams.org/mathscinet-getitem?mr=1235416
http://www.ams.org/mathscinet-getitem?mr=3357870
https://doi.org/10.1214/15-AOS1315
http://www.ams.org/mathscinet-getitem?mr=2533469
https://doi.org/10.1214/08-AOS620
http://www.ams.org/mathscinet-getitem?mr=3102549
https://doi.org/10.3150/12-BEJSP11
http://www.ams.org/mathscinet-getitem?mr=2807761
https://doi.org/10.1007/978-3-642-20192-9
http://www.ams.org/mathscinet-getitem?mr=2680074
https://doi.org/10.1090/S0002-9939-2010-10474-4
http://www.ams.org/mathscinet-getitem?mr=2847974
https://doi.org/10.1198/jasa.2011.tm10159
http://www.ams.org/mathscinet-getitem?mr=4124339
https://doi.org/10.1214/19-AOS1863
http://www.ams.org/mathscinet-getitem?mr=3161448
https://doi.org/10.1214/13-AOS1161
http://arxiv.org/abs/arXiv:1909.07889
http://www.ams.org/mathscinet-getitem?mr=3858369
https://doi.org/10.1016/j.jmva.2018.08.007
https://mathscinet.ams.org/mathscinet/msc/msc2020.html

DALALYAN, A. S., HEBIRI, M. and LEDERER, J. (2017). On the prediction performance of the Lasso. Bernoulli
23 552-581. MR3556784 https://doi.org/10.3150/15-BEJ756

DEZEURE, R., BUHLMANN, P. and ZHANG, C.-H. (2017). High-dimensional simultaneous inference with the
bootstrap. TEST 26 685-719. MR3713586 https://doi.org/10.1007/s11749-017-0554-2

DOBRIBAN, E. and WAGER, S. (2018). High-dimensional asymptotics of prediction: Ridge regression and clas-
sification. Ann. Statist. 46 247-279. MR3766952 https://doi.org/10.1214/17-AOS1549

DoLADO, J. J. and LUTKEPOHL, H. (1996). Making Wald tests work for cointegrated VAR systems. Econometric
Rev. 15 369-386.

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

FITHIAN, W., SUN, D. and TAYLOR, J. (2017). Optimal inference after model selection. Preprint. Available at
arXiv:1410.2597.

GONCALVES, S. and VOGELSANG, T. J. (2011). Block bootstrap HAC robust tests: The sophistication of the
naive bootstrap. Econometric Theory 27 745-791. MR2822364 https://doi.org/10.1017/S0266466610000496

GREENSHTEIN, E. and RITOV, Y. (2004). Persistence in high-dimensional linear predictor selection and the virtue
of overparametrization. Bernoulli 10 971-988. MR2108039 https://doi.org/10.3150/bj/1106314846

HORN, R. A. and JOHNSON, C. R. (2013). Matrix Analysis, 2nd ed. Cambridge Univ. Press, Cambridge.
MR2978290

JAVANMARD, A. and JAVADI, H. (2019). False discovery rate control via debiased lasso. Electron. J. Stat. 13
1212-1253. MR3935848 https://doi.org/10.1214/19-ejs1554

JAVANMARD, A. and MONTANARI, A. (2018). Debiasing the Lasso: Optimal sample size for Gaussian designs.
Ann. Statist. 46 2593-2622. MR3851749 https://doi.org/10.1214/17-AOS1630

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-A0S1371

LE1, J. and WASSERMAN, L. (2014). Distribution-free prediction bands for non-parametric regression. J. R. Stat.
Soc. Ser. B. Stat. Methodol. 76 71-96. MR3153934 https://doi.org/10.1111/rssb.12021

Liu, R. Y. (1988). Bootstrap procedures under some non-i.i.d. models. Ann. Statist. 16 1696—1708. MR0964947
https://doi.org/10.1214/a0s/1176351062

Liu, H. and YU, B. (2013). Asymptotic properties of Lasso+mLS and Lasso+Ridge in sparse high-dimensional
linear regression. Electron. J. Stat. 7 3124-3169. MR3151764 https://doi.org/10.1214/14-EJS875

LoPES, M. (2014). A residual bootstrap for high-dimensional regression with near low-rank designs. In Advances
in Neural Information Processing Systems 27 3239-3247.

MAMMEN, E. (1993). Bootstrap and wild bootstrap for high-dimensional linear models. Ann. Statist. 21 255-285.
MR1212176 https://doi.org/10.1214/a0s/1176349025

MAMMEN, E. (1996). Empirical process of residuals for high-dimensional linear models. Ann. Statist. 24 307-
335. MR1389892 https://doi.org/10.1214/a0s/1033066211

MEINSHAUSEN, N. and BUHLMANN, P. (2006). High-dimensional graphs and variable selection with the lasso.
Ann. Statist. 34 1436-1462. MR2278363 https://doi.org/10.1214/00905360600000028 1

MEINSHAUSEN, N. and YU, B. (2009). Lasso-type recovery of sparse representations for high-dimensional data.
Ann. Statist. 37 246-270. MR2488351 https://doi.org/10.1214/07- AOS582

PoLiTIs, D. N. (2015). Model-Free Prediction and Regression. Frontiers in Probability and the Statistical Sci-
ences. Springer, Cham. MR3442999 https://doi.org/10.1007/978-3-319-21347-7

PoLiTis, D. N., ROMANO, J. P. and WOLF, M. (1999). Subsampling. Springer Series in Statistics. Springer,
New York. MR1707286 https://doi.org/10.1007/978-1-4612-1554-7

ROMANO, Y., PATTERSON, E. and CANDES, E. (2019). Conformalized quantile regression. In Advances in Neu-
ral Information Processing Systems 32 3543—-3553. Curran Associates, Red Hook.

ROMANO, Y., SESIA, M. and CANDES, E. (2020). Deep knockoffs. J. Amer. Statist. Assoc. 115 1861-1872.
MR4189763 https://doi.org/10.1080/01621459.2019.1660174

SHAO, J. (2003). Mathematical Statistics, 2nd ed. Springer Texts in Statistics. Springer, New York. MR2002723
https://doi.org/10.1007/b97553

SHAO, J. and DENG, X. (2012). Estimation in high-dimensional linear models with deterministic design matrices.
Ann. Statist. 40 812-831. MR2933667 https://doi.org/10.1214/12- AOS982

STINE, R. A. (1985). Bootstrap prediction intervals for regression. J. Amer. Statist. Assoc. 80 1026-1031.
MRO0819610

SUN, Y. (2011). Robust trend inference with series variance estimator and testing-optimal smoothing parameter.
J. Econometrics 164 345-366. MR2826775 https://doi.org/10.1016/j.jeconom.2011.06.017

SUN, Y. (2013). A heteroskedasticity and autocorrelation robust F test using an orthonormal series variance
estimator. Econom. J. 16 1-26. MR3030064 https://doi.org/10.1111/j.1368-423X.2012.00390.x

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


http://www.ams.org/mathscinet-getitem?mr=3556784
https://doi.org/10.3150/15-BEJ756
http://www.ams.org/mathscinet-getitem?mr=3713586
https://doi.org/10.1007/s11749-017-0554-2
http://www.ams.org/mathscinet-getitem?mr=3766952
https://doi.org/10.1214/17-AOS1549
http://www.ams.org/mathscinet-getitem?mr=1946581
https://doi.org/10.1198/016214501753382273
http://arxiv.org/abs/arXiv:1410.259
http://www.ams.org/mathscinet-getitem?mr=2822364
https://doi.org/10.1017/S0266466610000496
http://www.ams.org/mathscinet-getitem?mr=2108039
https://doi.org/10.3150/bj/1106314846
http://www.ams.org/mathscinet-getitem?mr=2978290
http://www.ams.org/mathscinet-getitem?mr=3935848
https://doi.org/10.1214/19-ejs1554
http://www.ams.org/mathscinet-getitem?mr=3851749
https://doi.org/10.1214/17-AOS1630
http://www.ams.org/mathscinet-getitem?mr=3485948
https://doi.org/10.1214/15-AOS1371
http://www.ams.org/mathscinet-getitem?mr=3153934
https://doi.org/10.1111/rssb.12021
http://www.ams.org/mathscinet-getitem?mr=0964947
https://doi.org/10.1214/aos/1176351062
http://www.ams.org/mathscinet-getitem?mr=3151764
https://doi.org/10.1214/14-EJS875
http://www.ams.org/mathscinet-getitem?mr=1212176
https://doi.org/10.1214/aos/1176349025
http://www.ams.org/mathscinet-getitem?mr=1389892
https://doi.org/10.1214/aos/1033066211
http://www.ams.org/mathscinet-getitem?mr=2278363
https://doi.org/10.1214/009053606000000281
http://www.ams.org/mathscinet-getitem?mr=2488351
https://doi.org/10.1214/07-AOS582
http://www.ams.org/mathscinet-getitem?mr=3442999
https://doi.org/10.1007/978-3-319-21347-7
http://www.ams.org/mathscinet-getitem?mr=1707286
https://doi.org/10.1007/978-1-4612-1554-7
http://www.ams.org/mathscinet-getitem?mr=4189763
https://doi.org/10.1080/01621459.2019.1660174
http://www.ams.org/mathscinet-getitem?mr=2002723
https://doi.org/10.1007/b97553
http://www.ams.org/mathscinet-getitem?mr=2933667
https://doi.org/10.1214/12-AOS982
http://www.ams.org/mathscinet-getitem?mr=0819610
http://www.ams.org/mathscinet-getitem?mr=2826775
https://doi.org/10.1016/j.jeconom.2011.06.017
http://www.ams.org/mathscinet-getitem?mr=3030064
https://doi.org/10.1111/j.1368-423X.2012.00390.x
http://www.ams.org/mathscinet-getitem?mr=2999166
https://doi.org/10.1093/biomet/ass043

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

TIBSHIRANI, R. J., RINALDO, A., TIBSHIRANI, R. and WASSERMAN, L. (2018). Uniform asymptotic infer-
ence and the bootstrap after model selection. Ann. Statist. 46 1255-1287. MR3798003 https://doi.org/10.1214/
17-A0S1584

VAN DE GEER, S. A. (2008). High-dimensional generalized linear models and the lasso. Ann. Statist. 36 614—645.
MR2396809 https://doi.org/10.1214/009053607000000929

VAN DE GEER, S. (2019). On the asymptotic variance of the debiased Lasso. Electron. J. Stat. 13 2970-3008.
MR4010589 https://doi.org/10.1214/19-ejs1599

VAN DE GEER, S., BUHLMANN, P. and ZHOU, S. (2011). The adaptive and the thresholded Lasso for po-
tentially misspecified models (and a lower bound for the Lasso). Electron. J. Stat. 5 688-749. MR2820636
https://doi.org/10.1214/11-EJS624

Wu, C.-F. J. (1986). Jackknife, bootstrap and other resampling methods in regression analysis. Ann. Statist. 14
1261-1350. MR0868303 https://doi.org/10.1214/a0s/1176350142

ZHANG, X. and CHENG, G. (2017). Simultaneous inference for high-dimensional linear models. J. Amer. Statist.
Assoc. 112 757-768. MR3671768 https://doi.org/10.1080/01621459.2016.1166114

ZHANG, Y. and POLITIS, D. N. (2022). Supplement to “Ridge regression revisited: Debiasing, thresholding and
bootstrap.” https://doi.org/10.1214/21- AOS2156SUPP

ZHANG, Y. and POLITIS, D. N. (2021b). Bootstrap prediction intervals with asymptotic conditional validity and
unconditional guarantees. Preprint. Available at arXiv:2005.09145.

ZHANG, D. and Wu, W. B. (2017). Gaussian approximation for high dimensional time series. Ann. Statist. 45
1895-1919. MR3718156 https://doi.org/10.1214/16- A0S1512

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

ZHAO, P. and Yu, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res. 7 2541-2563.
MR2274449


http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=3798003
https://doi.org/10.1214/17-AOS1584
http://www.ams.org/mathscinet-getitem?mr=2396809
https://doi.org/10.1214/009053607000000929
http://www.ams.org/mathscinet-getitem?mr=4010589
https://doi.org/10.1214/19-ejs1599
http://www.ams.org/mathscinet-getitem?mr=2820636
https://doi.org/10.1214/11-EJS624
http://www.ams.org/mathscinet-getitem?mr=0868303
https://doi.org/10.1214/aos/1176350142
http://www.ams.org/mathscinet-getitem?mr=3671768
https://doi.org/10.1080/01621459.2016.1166114
https://doi.org/10.1214/21-AOS2156SUPP
http://arxiv.org/abs/arXiv:2005.09145
http://www.ams.org/mathscinet-getitem?mr=3718156
https://doi.org/10.1214/16-AOS1512
http://www.ams.org/mathscinet-getitem?mr=3153940
https://doi.org/10.1111/rssb.12026
http://www.ams.org/mathscinet-getitem?mr=2274449
https://doi.org/10.1214/17-AOS1584
https://doi.org/10.1111/rssb.12026

The Annals of Statistics

2022, Vol. 50, No. 3, 14231446
https://doi.org/10.1214/21-A0S2157

© Institute of Mathematical Statistics, 2022

CUBE ROOT WEAK CONVERGENCE OF EMPIRICAL ESTIMATORS
OF A DENSITY LEVEL SET

BY PHILIPPE BERTHET!® AND JOHN H. J. EINMAHL%?

Unstitut de Mathématiques de Toulouse; UMR5219, Université de Toulouse; CNRS, 2philippe.berthet@math.univ-toulouse.fr
2Departmem of Econometrics and OR and CentER, Tilburg University, b/ h.j.einmahl@uvt.nl

Given n independent random vectors with common density f on RY, we
study the weak convergence of three empirical-measure based estimators of
the convex A-level set Ly of f, namely the excess mass set, the minimum
volume set and the maximum probability set, all selected from a class of con-
vex sets A that contains L. Since these set-valued estimators approach L,
even the formulation of their weak convergence is nonstandard. We identify
the joint limiting distribution of the symmetric difference of L, and each of
the three estimators, at rate n~ /3. It turns out that the minimum volume set
and the maximum probability set estimators are asymptotically indistinguish-
able, whereas the excess mass set estimator exhibits “richer” limit behavior.
Arguments rely on the boundary local empirical process, its cylinder repre-
sentation, dimension-free concentration around the boundary of L, and the
set-valued argmax of a drifted Wiener process.
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HIGHER CRITICISM TO COMPARE TWO LARGE FREQUENCY TABLES,

(1]
(2]

(3]

(4]

(3]

(6]

(7]

(8]

WITH SENSITIVITY TO POSSIBLE RARE AND WEAK DIFFERENCES

BY DAVID L. DONOHO!? AND ALON KIPNIS2P

lDepartment of Statistics, Stanford University, ®donoho @stanford.edu
28chool of Computer Science, Reichman University, bulon.kipnis@idc.uc.il

We adapt Higher Criticism (HC) to the comparison of two frequency
tables which may—or may not—exhibit moderate differences between the
tables in some unknown, relatively small subset out of a large number of cat-
egories. Our analysis of the power of the proposed HC test quantifies the rar-
ity and size of assumed differences and applies moderate deviations-analysis
to determine the asymptotic powerfulness/powerlessness of our proposed HC
procedure.

Our analysis considers the null hypothesis of no difference in underlying
generative model against a rare/weak perturbation alternative, in which the
frequencies of N 1=8 out of the N categories are perturbed by r(log N)/2n
in the Hellinger distance; here, n is the size of each sample. Our proposed
Higher Criticism (HC) test for this setting uses P-values obtained from N
exact binomial tests. We characterize the asymptotic performance of the HC-
based test in terms of the sparsity parameter 8 and the perturbation inten-
sity parameter r. Specifically, we derive a region in the (8, r)-plane where
the test asymptotically has maximal power, while having asymptotically no
power outside this region. Our analysis distinguishes between cases in which
the counts in both tables are low, versus cases in which counts are high, cor-
responding to the cases of sparse and dense frequency tables. The phase tran-
sition curve of HC in the high-counts regime matches formally the curve
delivered by HC in a two-sample normal means model.
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Orthogonal array, a classical and effective tool for collecting data, has
been flourished with its applications in modern computer experiments and
engineering statistics. Driven by the wide use of computer experiments with
both qualitative and quantitative factors, multiple computer experiments,
multifidelity computer experiments, cross-validation and stochastic optimiza-
tion, orthogonal arrays with certain structures have been introduced. Sliced
orthogonal arrays and nested orthogonal arrays are examples of such ar-
rays. This article introduces a flexible, fresh construction method, which
uses smaller arrays and a special structure. The method uncovers the hid-
den structure of many existing fixed-level orthogonal arrays of given run
sizes, possibly with more columns. It also allows fixed-level orthogonal ar-
rays of nearly strength three to be constructed, which are useful as there are
not many construction methods for fixed-level orthogonal arrays of strength
three, and also helpful for generating Latin hypercube designs with desirable
low-dimensional projections. Theoretical properties of the proposed method
are explored. As by-products, several theoretical results on orthogonal arrays
are obtained.
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Predicting extreme events is important in many applications in risk anal-
ysis. Extreme-value theory suggests modelling extremes by max-stable dis-
tributions. The Bayesian approach provides a natural framework for statisti-
cal prediction. Although various Bayesian inferential procedures have been
proposed in the literature of univariate extremes and some for multivariate
extremes, the study of their asymptotic properties has been left largely un-
touched. In this paper we focus on a semiparametric Bayesian method for es-
timating max-stable distributions in arbitrary dimension. We establish consis-
tency of the pertaining posterior distributions for fairly general, well-specified
max-stable models, whose margins can be short-, light- or heavy-tailed. We
then extend our consistency results to the case where data are samples of
block maxima whose distribution is only approximately a max-stable one,
which represents the most realistic inferential setting.
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We study nonparametric density estimation problems where error is
measured in the Wasserstein distance, a metric on probability distributions
popular in many areas of statistics and machine learning. We give the first
minimax-optimal rates for this problem for general Wasserstein distances for
two classes of densities: smooth probability densities on [0, 1]d bounded
away from 0, and sub-Gaussian densities lying in the Holder class C¥,
s € (0, 1). Unlike classical nonparametric density estimation, these rates de-
pend on whether the densities in question are bounded below, even in the
compactly supported case. Motivated by variational problems involving the
Wasserstein distance, we also show how to construct discretely supported
measures, suitable for computational purposes, which achieve the minimax
rates. Our main technical tool is an inequality giving a nearly tight dual char-
acterization of the Wasserstein distances in terms of Besov norms.
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The detection of weak and rare effects in large amounts of data arises
in a number of modern data analysis problems. Known results show that in
this situation the potential of statistical inference is severely limited by the
large-scale multiple testing that is inherent in these problems. Here, we show
that fundamentally more powerful statistical inference is possible when there
is some structure in the signal that can be exploited, for example, if the signal
is clustered in many small blocks, as is the case in some relevant applica-
tions. We derive the detection boundary in such a situation where we allow
both the number of blocks and the block length to grow polynomially with
sample size. We derive these results both for the univariate and the multi-
variate settings as well as for the problem of detecting clusters in a network.
These results recover as special cases the sparse signal detection problem
(Ann. Statist. 32 (2004) 962-994) where there is no structure in the signal,
as well as the scan problem (Statist. Sinica 23 (2013) 409—428) where the
signal comprises a single interval. We develop methodology that allows opti-
mal adaptive detection in the general setting, thus exploiting the structure if
it is present without incurring a relevant penalty in the case where there is no
structure. The advantage of this methodology can be considerable, as in the
case of no structure the means need to increase at the rate /logn to ensure
detection, while the presence of structure allows detection even if the means
decrease at a polynomial rate.
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UNIFORM CONVERGENCE OF LOCAL FRECHET REGRESSION WITH
APPLICATIONS TO LOCATING EXTREMA AND TIME WARPING FOR
METRIC SPACE VALUED TRAJECTORIES

BY YAQING CHEN? AND HANS-GEORG MULLERP

Department of Statistics, University of California, Davis
dyagchen@ucdavis.edu, bhgmueller@ucdavis. edu

Local Fréchet regression is a nonparametric regression method for met-
ric space valued responses and Euclidean predictors, which can be utilized to
obtain estimates of smooth trajectories taking values in general metric spaces
from noisy metric space valued random objects. We derive uniform rates of
convergence, which so far have eluded theoretical analysis of this method,
for both fixed and random target trajectories, where we utilize tools from em-
pirical processes. These results are shown to be widely applicable in metric
space valued data analysis. In addition to simulations, we provide two per-
tinent examples where these results are important: The consistent estimation
of the location of properly defined extrema in metric space valued trajecto-
ries, which we illustrate with the problem of locating the age of minimum
brain connectivity as obtained from fMRI data; and time warping for metric
space valued trajectories, illustrated with yearly age-at-death distributions for
different countries.
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The paper analyzes cointegration in vector autoregressive processes
(VARs) for the cases when both the number of coordinates, N, and the num-
ber of time periods, T, are large and of the same order. We propose a way to
examine a VAR of order 1 for the presence of cointegration based on a modi-
fication of the Johansen likelihood ratio test. The advantage of our procedure
over the original Johansen test and its finite sample corrections is that our test
does not suffer from overrejection. This is achieved through novel asymp-
totic theorems for eigenvalues of matrices in the test statistic in the regime of
proportionally growing N and 7. Our theoretical findings are supported by
Monte Carlo simulations and an empirical illustration. Moreover, we find a
surprising connection with multivariate analysis of variance (MANOVA) and
explain why it emerges.
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Given partially observed pairwise comparison data generated by the
Bradley—Terry—Luce (BTL) model, we study the problem of top-k ranking.
That is, to optimally identify the set of top-k players. We derive the minimax
rate with respect to a normalized Hamming loss. This provides the first result
in the literature that characterizes the partial recovery error in terms of the
proportion of mistakes for top-k ranking. We also derive the optimal signal
to noise ratio condition for the exact recovery of the top-k set. The maximum
likelihood estimator (MLE) is shown to achieve both optimal partial recov-
ery and optimal exact recovery. On the other hand, we show another popular
algorithm, the spectral method, is in general suboptimal. Our results comple-
ment the recent work (Ann. Statist. 47 (2019) 2204-2235) that shows both
the MLE and the spectral method achieve the optimal sample complexity for
exact recovery. It turns out the leading constants of the sample complexity are
different for the two algorithms. Another contribution that may be of indepen-
dent interest is the analysis of the MLE without any penalty or regularization
for the BTL model. This closes an important gap between theory and practice
in the literature of ranking.
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Given a random sample of points from some unknown density, we pro-
pose a method for estimating density level sets, for a positive threshold ¢,
under the r-convexity assumption. This shape condition generalizes the con-
vexity property and allows to consider level sets with more than one con-
nected component. The main problem in practice is that r is an unknown
geometric characteristic of the set related to its curvature, which may depend
on t. A stochastic algorithm is proposed for selecting its value from data. The
resulting reconstruction of the level set is able to achieve minimax rates for
Hausdorff metric and distance in measure uniformly on the level 7.
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This paper establishes a precise high-dimensional asymptotic theory for
boosting on separable data, taking statistical and computational perspectives.
We consider a high-dimensional setting where the number of features (weak
learners) p scales with the sample size n, in an overparametrized regime.
Under a class of statistical models, we provide an exact analysis of the gen-
eralization error of boosting when the algorithm interpolates the training data
and maximizes the empirical £{-margin. Further, we explicitly pin down the
relation between the boosting test error and the optimal Bayes error, as well as
the proportion of active features at interpolation (with zero initialization). In
turn, these precise characterizations answer certain questions raised in (Neu-
ral Comput. 11 (1999) 1493-1517; Ann. Statist. 26 (1998) 1651-1686) sur-
rounding boosting, under assumed data generating processes. At the heart
of our theory lies an in-depth study of the maximum-£{-margin, which can
be accurately described by a new system of nonlinear equations; to analyze
this margin, we rely on Gaussian comparison techniques and develop a novel
uniform deviation argument. Our statistical and computational arguments can
handle (1) any finite-rank spiked covariance model for the feature distribution
and (2) variants of boosting corresponding to general £,-geometry, g € [1, 2].
As a final component, via the Lindeberg principle, we establish a universal-
ity result showcasing that the scaled £{-margin (asymptotically) remains the
same, whether the covariates used for boosting arise from a nonlinear random
feature model or an appropriately linearized model with matching moments.
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A new framework is developed to intrinsically analyze sparsely observed
Riemannian functional data. It features four innovative components: a frame-
independent covariance function, a smooth vector bundle termed covariance
vector bundle, a parallel transport and a smooth bundle metric on the covari-
ance vector bundle. The introduced intrinsic covariance function links esti-
mation of covariance structure to smoothing problems that involve raw co-
variance observations derived from sparsely observed Riemannian functional
data, while the covariance vector bundle provides a rigorous mathematical
foundation for formulating such smoothing problems. The parallel transport
and the bundle metric together make it possible to measure fidelity of fit to
the covariance function. They also play a critical role in quantifying the qual-
ity of estimators for the covariance function. As an illustration, based on the
proposed framework, we develop a local linear smoothing estimator for the
covariance function, analyze its theoretical properties and provide numerical
demonstration via simulated and real data sets. The intrinsic feature of the
framework makes it applicable to not only Euclidean submanifolds but also
manifolds without a canonical ambient space.
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This paper presents a parametric estimation method for ill-observed lin-
ear stationary Hawkes processes. When the exact locations of points are not
observed, but only counts over time intervals of fixed size, methods based
on the likelihood are not feasible. We show that spectral estimation based on
Whittle’s method is adapted to this case and provides consistent and asymp-
totically normal estimators, provided a mild moment condition on the repro-
duction function. Simulated data sets and a case-study illustrate the perfor-
mances of the estimation, notably of the reproduction function even when
time intervals are relatively large.
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We consider multivariate centered Gaussian models for the random vari-
able Z = (Zy,..., Zp), invariant under the action of a subgroup of the group
of permutations on {1, ..., p}. Using the representation theory of the sym-
metric group on the field of reals, we derive the distribution of the maxi-
mum likelihood estimate of the covariance parameter ¥ and also the analytic
expression of the normalizing constant of the Diaconis—Ylvisaker conjugate
prior for the precision parameter K = »~1. We can thus perform Bayesian
model selection in the class of complete Gaussian models invariant by the ac-
tion of a subgroup of the symmetric group, which we could also call complete
RCOP models. We illustrate our results with a toy example of dimension 4
and several examples for selection within cyclic groups, including a high-
dimensional example with p = 100.
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We consider the problem of ranking n players from partial pairwise com-
parison data under the Bradley—Terry—Luce model. For the first time in the
literature, the minimax rate of this ranking problem is derived with respect
to the Kendall’s tau distance that measures the difference between two rank
vectors by counting the number of inversions. The minimax rate of ranking
exhibits a transition between an exponential rate and a polynomial rate de-
pending on the magnitude of the signal-to-noise ratio of the problem. To the
best of our knowledge, this phenomenon is unique to full ranking and has not
been seen in any other statistical estimation problem. To achieve the minimax
rate, we propose a divide-and-conquer ranking algorithm that first divides the
n players into groups of similar skills and then computes local MLE within
each group. The optimality of the proposed algorithm is established by a care-
ful approximate independence argument between the two steps.
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We propose confidence regions with asymptotically correct uniform cov-
erage probability of parameters whose Fisher information matrix can be sin-
gular at important points of the parameter set. Our work is motivated by the
need for reliable inference on scale parameters close or equal to zero in mixed
models, which is obtained as a special case. The confidence regions are con-
structed by inverting a continuous extension of the score test statistic stan-
dardized by expected information, which we show exists at points of singular
information under regularity conditions. Similar results have previously only
been obtained for scalar parameters, under conditions stronger than ours, and
applications to mixed models have not been considered. In simulations our
confidence regions have near-nominal coverage with as few as n = 20 obser-
vations, regardless of how close to the boundary the true parameter is. It is a
corollary of our main results that the proposed test statistic has an asymptotic
chi-square distribution with degrees of freedom equal to the number of tested
parameters, even if they are on the boundary of the parameter set.
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One fundamental goal of high-dimensional statistics is to detect or re-
cover planted structure (such as a low-rank matrix) hidden in noisy data.
A growing body of work studies low-degree polynomials as a restricted
model of computation for such problems: it has been demonstrated in var-
ious settings that low-degree polynomials of the data can match the statistical
performance of the best known polynomial-time algorithms. Prior work has
studied the power of low-degree polynomials for the task of detecting the
presence of hidden structures. In this work, we extend these methods to ad-
dress problems of estimation and recovery (instead of detection). For a large
class of “signal plus noise” problems, we give a user-friendly lower bound
for the best possible mean squared error achievable by any degree-D poly-
nomial. To our knowledge, these are the first results to establish low-degree
hardness of recovery problems for which the associated detection problem
is easy. As applications, we give a tight characterization of the low-degree
minimum mean squared error for the planted submatrix and planted dense
subgraph problems, resolving (in the low-degree framework) open problems
about the computational complexity of recovery in both cases.
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