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SEMIPARAMETRIC REGRESSION

BY YANG NING*, TIANQI ZHAO" AND HAN Liu®
Cornell University* and Princeton University'

We propose a new inferential framework for high-dimensional semipara-
metric generalized linear models. This framework addresses a variety of chal-
lenging problems in high-dimensional data analysis, including incomplete
data, selection bias and heterogeneity. Our work has three main contribu-
tions: (i) We develop a regularized statistical chromatography approach to
infer the parameter of interest under the proposed semiparametric general-
ized linear model without the need of estimating the unknown base measure
function. (ii) We propose a new likelihood ratio based framework to construct
post-regularization confidence regions and tests for the low dimensional com-
ponents of high-dimensional parameters. Unlike existing post-regularization
inferential methods, our approach is based on a novel directional likelihood.
(iii) We develop new concentration inequalities and normal approximation
results for U-statistics with unbounded kernels, which are of independent in-
terest. We further extend the theoretical results to the problems of missing
data and multiple datasets inference. Extensive simulation studies and real
data analysis are provided to illustrate the proposed approach.
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A NEW PERSPECTIVE ON BOOSTING IN LINEAR REGRESSION
VIA SUBGRADIENT OPTIMIZATION AND RELATIVES

BY ROBERT M. FREUND!*, PAUL GRIGAS®T AND RAHUL MAZUMDER?*
Massachusetts Institute of Technology* and University of California, Berkeley'

We analyze boosting algorithms [Ann. Statist. 29 (2001) 1189-1232;
Ann. Statist. 28 (2000) 337-407; Ann. Statist. 32 (2004) 407-499] in lin-
ear regression from a new perspective: that of modern first-order methods in
convex optimization. We show that classic boosting algorithms in linear re-
gression, namely the incremental forward stagewise algorithm (FS¢) and least
squares boosting [LS-B0OO0ST(¢)], can be viewed as subgradient descent to
minimize the loss function defined as the maximum absolute correlation be-
tween the features and residuals. We also propose a minor modification of
FS¢ that yields an algorithm for the LASSO, and that may be easily extended
to an algorithm that computes the LASSO path for different values of the regu-
larization parameter. Furthermore, we show that these new algorithms for the
LASSO may also be interpreted as the same master algorithm (subgradient
descent), applied to a regularized version of the maximum absolute correla-
tion loss function. We derive novel, comprehensive computational guarantees
for several boosting algorithms in linear regression (including LS-BOOST(¢)
and FS;) by using techniques of first-order methods in convex optimization.
Our computational guarantees inform us about the statistical properties of
boosting algorithms. In particular, they provide, for the first time, a precise
theoretical description of the amount of data-fidelity and regularization im-
parted by running a boosting algorithm with a prespecified learning rate for a
fixed but arbitrary number of iterations, for any dataset.
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ON THE VALIDITY OF RESAMPLING METHODS UNDER
LONG MEMORY'

BY SHUYANG BAI AND MURAD S. TAQQU
University of Georgia and Boston University

For long-memory time series, inference based on resampling is of crucial
importance, since the asymptotic distribution can often be non-Gaussian and
is difficult to determine statistically. However, due to the strong dependence,
establishing the asymptotic validity of resampling methods is nontrivial. In
this paper, we derive an efficient bound for the canonical correlation between
two finite blocks of a long-memory time series. We show how this bound can
be applied to establish the asymptotic consistency of subsampling procedures
for general statistics under long memory. It allows the subsample size b to be
o(n), where n is the sample size, irrespective of the strength of the memory.
We are then able to improve many results found in the literature. We also
consider applications of subsampling procedures under long memory to the
sample covariance, M-estimation and empirical processes.
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COCOLASSO FOR HIGH-DIMENSIONAL
ERROR-IN-VARIABLES REGRESSION

BY ABHIRUP DATTA AND HUI ZOU1
Johns Hopkins University and University of Minnesota

Much theoretical and applied work has been devoted to high-dimensional
regression with clean data. However, we often face corrupted data in many
applications where missing data and measurement errors cannot be ignored.
Loh and Wainwright [Ann. Statist. 40 (2012) 1637-1664] proposed a non-
convex modification of the Lasso for doing high-dimensional regression with
noisy and missing data. It is generally agreed that the virtues of convexity
contribute fundamentally the success and popularity of the Lasso. In light of
this, we propose a new method named CoCoLasso that is convex and can
handle a general class of corrupted datasets. We establish the estimation er-
ror bounds of CoCoLasso and its asymptotic sign-consistent selection prop-
erty. We further elucidate how the standard cross validation techniques can
be misleading in presence of measurement error and develop a novel cali-
brated cross-validation technique by using the basic idea in CoCoLasso. The
calibrated cross-validation has its own importance. We demonstrate the supe-
rior performance of our method over the nonconvex approach by simulation
studies.
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CONSISTENT PARAMETER ESTIMATION FOR LASSO AND
APPROXIMATE MESSAGE PASSING

BY ALI MOUSAVT*, ARIAN MALEKI' AND RICHARD G. BARANIUK*
Rice University* and Columbia University'

This paper studies the optimal tuning of the regularization parameter in
LASSO or the threshold parameters in approximate message passing (AMP).
Considering a model in which the design matrix and noise are zero-mean
i.i.d. Gaussian, we propose a data-driven approach for estimating the regu-
larization parameter of LASSO and the threshold parameters in AMP. Our
estimates are consistent, that is, they converge to their asymptotically optimal
values in probability as n, the number of observations, and p, the ambient
dimension of the sparse vector, grow to infinity, while n/p converges to a
fixed number §. As a byproduct of our analysis, we will shed light on the
asymptotic properties of the solution paths of LASSO and AMP.
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SUPPORT RECOVERY WITHOUT INCOHERENCE:
A CASE FOR NONCONVEX REGULARIZATION

BY PO-LING LoH"? AND MARTIN J. WAINWRIGHT?
University of Wisconsin—Madison and University of California, Berkeley

We develop a new primal-dual witness proof framework that may be used
to establish variable selection consistency and £~o-bounds for sparse regres-
sion problems, even when the loss function and regularizer are nonconvex.
We use this method to prove two theorems concerning support recovery and
{oo-guarantees for a regression estimator in a general setting. Notably, our
theory applies to all potential stationary points of the objective and certifies
that the stationary point is unique under mild conditions. Our results provide
a strong theoretical justification for the use of nonconvex regularization: For
certain nonconvex regularizers with vanishing derivative away from the ori-
gin, any stationary point can be used to recover the support without requiring
the typical incoherence conditions present in £1-based methods. We also de-
rive corollaries illustrating the implications of our theorems for composite
objective functions involving losses such as least squares, nonconvex mod-
ified least squares for errors-in-variables linear regression, the negative log
likelihood for generalized linear models and the graphical Lasso. We con-
clude with empirical studies that corroborate our theoretical predictions.

REFERENCES

BERTSEKAS, D. P. (1999). Nonlinear Programming. Athena Scientific, Belmont, MA.

BICKEL, P. J., RITOV, Y. and TSYBAKOV, A. B. (2009). Simultaneous analysis of lasso and
Dantzig selector. Ann. Statist. 37 1705-1732. MR2533469

BREHENY, P. and HUANG, J. (2011). Coordinate descent algorithms for nonconvex penalized
regression, with applications to biological feature selection. Ann. Appl. Stat. 5 232-253.
MR2810396

BUHLMANN, P. and VAN DE GEER, S. (2011). Statistics for High-Dimensional Data: Methods,
Theory and Applications. Springer, Heidelberg. MR2807761

CANDES, E. and TA0, T. (2007). The Dantzig selector: Statistical estimation when p is much
larger than n. Ann. Statist. 35 2313-2351. MR2382644

CANDES, E. J., WAKIN, M. B. and BOYD, S. P. (2008). Enhancing sparsity by reweighted /;
minimization. J. Fourier Anal. Appl. 14 877-905. MR2461611

CHEN, S. S., DONOHO, D. L. and SAUNDERS, M. A. (1998). Atomic decomposition by basis
pursuit. SIAM J. Sci. Comput. 20 33—61. MR1639094

CLARKE, F. H. (1975). Generalized gradients and applications. Trans. Amer. Math. Soc. 205
247-262. MR0367131

DoNOHO, D. L. and STARK, P. B. (1989). Uncertainty principles and signal recovery. SIAM
J. Appl. Math. 49 906-931.

MSC2010 subject classifications. 62F12.
Key words and phrases. M-estimator, Lasso, sparsity, nonconvex regularizer, high-dimensional
statistics, variable selection.


http://www.imstat.org/aos/
https://doi.org/10.1214/16-AOS1530
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=2533469
http://www.ams.org/mathscinet-getitem?mr=2810396
http://www.ams.org/mathscinet-getitem?mr=2807761
http://www.ams.org/mathscinet-getitem?mr=2382644
http://www.ams.org/mathscinet-getitem?mr=2461611
http://www.ams.org/mathscinet-getitem?mr=1639094
http://www.ams.org/mathscinet-getitem?mr=0367131
http://www.ams.org/mathscinet/msc/msc2010.html

(10]
(11]
[12]
[13]
[14]
[15]
[16]
(17]

[18]

[19]
(20]
(21]

(22]

(23]
[24]
[25]

[26]

[27]
(28]
[29]

(30]

(31]

(32]

FAN, J. and L1, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle
properties. J. Amer. Statist. Assoc. 96 1348—1360.

FAN, J. and Lv, J. (2011). Nonconcave penalized likelihood with NP-dimensionality. /EEE
Trans. Inform. Theory 57 5467-5484. MR2849368

FAN, J. and PENG, H. (2004). Nonconcave penalized likelihood with a diverging number of
parameters. Ann. Statist. 32 928-961.

FAN, J., XUE, L. and Zou, H. (2014). Strong oracle optimality of folded concave penalized
estimation. Ann. Statist. 42 819-849. MR3210988

FLETCHER, R. and WATSON, G. A. (1980). First- and second-order conditions for a class of
nondifferentiable optimization problems. Math. Program. 18 291-307. MR0571992

HUNTER, D. R. and LI, R. (2005). Variable selection using MM algorithms. Ann. Statist. 33
1617-1642.

LEE, J. D, SUN, Y. and TAYLOR, J. E. (2015). On model selection consistency of regularized
M-estimators. Electron. J. Stat. 9 608-642. MR3331852

LoH, P. and WAINWRIGHT, M. J. (2015). Regularized M -estimators with nonconvexity: Sta-
tistical and algorithmic theory for local optima. J. Mach. Learn. Res. 16 559-616.

LoH, P.-L. and WAINWRIGHT, M. J. (2012). High-dimensional regression with noisy and
missing data: Provable guarantees with nonconvexity. Ann. Statist. 40 1637-1664.
MR3015038

LoH, P.-L. and WAINWRIGHT, M. J. (2017). Supplement to “Support recovery without inco-
herence: A case for nonconvex regularization.” DOI:10.1214/16-A0S1530SUPP.

Lounict, K. (2008). Sup-norm convergence rate and sign concentration property of Lasso and
Dantzig estimators. Electron. J. Stat. 2 90-102. MR2386087

MAZUMDER, R., FRIEDMAN, J. H. and HASTIE, T. (2011). SparseNet: Coordinate descent
with nonconvex penalties. J. Amer. Statist. Assoc. 106 1125-1138. MR2894769

NEGAHBAN, S. N., RAVIKUMAR, P., WAINWRIGHT, M. J. and YU, B. (2012). A unified
framework for high-dimensional analysis of M -estimators with decomposable regulariz-
ers. Statist. Sci. 27 538-557. MR3025133

NESTEROV, Y. and NEMIROVSKIIL, A. (1987). Interior Point Polynomial Algorithms in Convex
Programming. SIAM, Philadelphia, PA.

PAN, Z. and ZHANG, C. (2015). Relaxed sparse eigenvalue conditions for sparse estimation
via non-convex regularized regression. Pattern Recognit. 48 231-243.

RASKUTTI, G., WAINWRIGHT, M. J. and YU, B. (2010). Restricted eigenvalue properties for
correlated Gaussian designs. J. Mach. Learn. Res. 11 2241-2259.

RAVIKUMAR, P., WAINWRIGHT, M. J. and LAFFERTY, J. D. (2010). High-dimensional Ising
model selection using £1-regularized logistic regression. Ann. Statist. 38 1287-1319.
MR2662343

RUDELSON, M. and ZHOU, S. (2013). Reconstruction from anisotropic random measurements.
IEEE Trans. Inform. Theory 59 3434-3447. MR3061256

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

VAN DE GEER, S. A. and BUHLMANN, P. (2009). On the conditions used to prove oracle
results for the Lasso. Electron. J. Stat. 3 1360-1392. MR2576316

VAVASIS, S. A. (1995). Complexity issues in global optimization: A survey. In Handbook of
Global Optimization. Nonconvex Optim. Appl. 2 27-41. Kluwer Academic, Dordrecht.
MR1377083

WAINWRIGHT, M. J. (2009). Sharp thresholds for high-dimensional and noisy sparsity recov-
ery using £1-constrained quadratic programming (Lasso). IEEE Trans. Inform. Theory 55
2183-2202. MR2729873

WAINWRIGHT, M. J. (2009). Information-theoretic limits on sparsity recovery in the high-
dimensional and noisy setting. IEEE Trans. Inform. Theory 55 5728-5741.


http://www.ams.org/mathscinet-getitem?mr=2849368
http://www.ams.org/mathscinet-getitem?mr=3210988
http://www.ams.org/mathscinet-getitem?mr=0571992
http://www.ams.org/mathscinet-getitem?mr=3331852
http://www.ams.org/mathscinet-getitem?mr=3015038
https://doi.org/10.1214/16-AOS1530SUPP
http://www.ams.org/mathscinet-getitem?mr=2386087
http://www.ams.org/mathscinet-getitem?mr=2894769
http://www.ams.org/mathscinet-getitem?mr=3025133
http://www.ams.org/mathscinet-getitem?mr=2662343
http://www.ams.org/mathscinet-getitem?mr=3061256
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=2576316
http://www.ams.org/mathscinet-getitem?mr=1377083
http://www.ams.org/mathscinet-getitem?mr=2729873

(33]
(34]
[35]
(36]

(37]

(38]
(39]

[40]

WANG, Z., L1u, H. and ZHANG, T. (2014). Optimal computational and statistical rates of
convergence for sparse nonconvex learning problems. Ann. Statist. 42 2164-2201.

ZHANG, C.-H. (2010). Nearly unbiased variable selection under minimax concave penalty.
Ann. Statist. 38 894-942. MR2604701

ZHANG, C.-H. and ZHANG, T. (2012). A general theory of concave regularization for high-
dimensional sparse estimation problems. Statist. Sci. 27 576-593. MR3025135

ZHANG, T. (2010). Analysis of multi-stage convex relaxation for sparse regularization.
J. Mach. Learn. Res. 11 1081-1107. MR2629825

ZHANG, Y., WAINWRIGHT, M. J. and JORDAN, M. L. (2017). Optimal prediction for sparse
linear models? Lower bounds for coordinate-separable M-estimators. Electron. J. Stat. 11
752-799. MR3622646

ZHAO, P. and YU, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res.
7 2541-2567.

ZHENG, Z., FAN, Y. and Lv, J. (2014). High dimensional thresholded regression and shrinkage
effect. J. Roy. Statist. Soc. Ser. B 76 627-649.

Zou, H. and LI, R. (2008). One-step sparse estimates in nonconcave penalized likelihood
models. Ann. Statist. 36 1509-1533. MR2435443


http://www.ams.org/mathscinet-getitem?mr=2604701
http://www.ams.org/mathscinet-getitem?mr=3025135
http://www.ams.org/mathscinet-getitem?mr=2629825
http://www.ams.org/mathscinet-getitem?mr=3622646
http://www.ams.org/mathscinet-getitem?mr=2435443

The Annals of Statistics

2017, Vol. 45, No. 6, 2483-2510
https://doi.org/10.1214/16-A0S1531

© Institute of Mathematical Statistics, 2017

OPTIMAL DESIGN OF FMRI EXPERIMENTS USING CIRCULANT

(1]
(2]
(3]
(4]
(3]
(6]
(7]
(8]

(9]

(ALMOST-)ORTHOGONAL ARRAYS'

BY YUAN-LUNG LIN*, FREDERICK KIN HING PHOA* AND
MING-HUNG KAO"

Academia Sinica* and Arizona State University'

Functional magnetic resonance imaging (fMRI) is a pioneering tech-
nology for studying brain activity in response to mental stimuli. Although
efficient designs on these fMRI experiments are important for rendering
precise statistical inference on brain functions, they are not systematically
constructed. Design with circulant property is crucial for estimating a hemo-
dynamic response function (HRF) and discussing fMRI experimental opti-
mality. In this paper, we develop a theory that not only successfully explains
the structure of a circulant design, but also provides a method of constructing
efficient fMRI designs systematically. We further provide a class of two-level
circulant designs with good performance (statistically optimal), and they can
be used to estimate the HRF of a stimulus type and study the comparison
of two HRFs. Some efficient three- and four-levels circulant designs are also
provided, and we proved the existence of a class of circulant orthogonal ar-
rays.
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ADAPTIVE BERNSTEIN-VON MISES THEOREMS IN GAUSSIAN

(1]
(2]
(3]
(4]
(3]
(6]
(7]
(8]
(9]
(10]
(11]

(12]

WHITE NOISE!

By KOLYAN RAY
Leiden University

We investigate Bernstein—von Mises theorems for adaptive nonparamet-
ric Bayesian procedures in the canonical Gaussian white noise model. We
consider both a Hilbert space and multiscale setting with applications in L?
and L, respectively. This provides a theoretical justification for plug-in pro-
cedures, for example the use of certain credible sets for sufficiently smooth
linear functionals. We use this general approach to construct optimal frequen-
tist confidence sets based on the posterior distribution. We also provide sim-
ulations to numerically illustrate our approach and obtain a visual represen-
tation of the geometries involved.
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TARGETED SEQUENTIAL DESIGN FOR TARGETED LEARNING
INFERENCE OF THE OPTIMAL TREATMENT RULE
AND ITS MEAN REWARD

BY ANTOINE CHAMBAZ* 12 WENJING ZHENG'! AND
MARK J. VAN DER LAANT-3

UPL, Université Paris Nanterre* and University of California, Berkeley'

This article studies the targeted sequential inference of an optimal treat-
ment rule (TR) and its mean reward in the nonexceptional case, that is, as-
suming that there is no stratum of the baseline covariates where treatment is
neither beneficial nor harmful, and under a companion margin assumption.

Our pivotal estimator, whose definition hinges on the targeted minimum
loss estimation (TMLE) principle, actually infers the mean reward under the
current estimate of the optimal TR. This data-adaptive statistical parameter
is worthy of interest on its own. Our main result is a central limit theorem
which enables the construction of confidence intervals on both mean rewards
under the current estimate of the optimal TR and under the optimal TR itself.
The asymptotic variance of the estimator takes the form of the variance of
an efficient influence curve at a limiting distribution, allowing to discuss the
efficiency of inference.

As a by product, we also derive confidence intervals on two cumulated
pseudo-regrets, a key notion in the study of bandits problems.

A simulation study illustrates the procedure. One of the cornerstones of
the theoretical study is a new maximal inequality for martingales with respect
to the uniform entropy integral.
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NONPARAMETRIC GOODNESS-OF-FIT TESTS FOR UNIFORM
STOCHASTIC ORDERING'

BY CHUAN-FA TANG, DEWEI WANG AND JOSHUA M. TEBBS
University of South Carolina

We propose LP distance-based goodness-of-fit (GOF) tests for uni-
form stochastic ordering with two continuous distributions F' and G, both
of which are unknown. Our tests are motivated by the fact that when F
and G are uniformly stochastically ordered, the ordinal dominance curve
R=FGlis star-shaped. We derive asymptotic distributions and prove that
our testing procedure has a unique least favorable configuration of F' and
G for p € [1,00]. We use simulation to assess finite-sample performance
and demonstrate that a modified, one-sample version of our procedure (e.g.,
with G known) is more powerful than the one-sample GOF test suggested
by Arcones and Samaniego [Ann. Statist. 28 (2000) 116-150]. We also dis-
cuss sample size determination. We illustrate our methods using data from a
pharmacology study evaluating the effects of administering caffeine to pre-
maturely born infants.
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SELECTING THE NUMBER OF PRINCIPAL COMPONENTS:
ESTIMATION OF THE TRUE RANK OF A NOISY MATRIX

BY YUNJIN CHOI*, JONATHAN TAYLOR"! AND ROBERT TIBSHIRANI 2
National University of Singapore* and Stanford University'

Principal component analysis (PCA) is a well-known tool in multivariate
statistics. One significant challenge in using PCA is the choice of the num-
ber of principal components. In order to address this challenge, we propose
distribution-based methods with exact type 1 error controls for hypothesis
testing and construction of confidence intervals for signals in a noisy matrix
with finite samples. Assuming Gaussian noise, we derive exact type 1 error
controls based on the conditional distribution of the singular values of a Gaus-
sian matrix by utilizing a post-selection inference framework, and extending
the approach of [Taylor, Loftus and Tibshirani (2013)] in a PCA setting. In
simulation studies, we find that our proposed methods compare well to exist-
ing approaches.
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IN CAUSAL INFERENCE
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The goal of this paper is to integrate the notions of stochastic conditional
independence and variation conditional independence under a more general
notion of extended conditional independence. We show that under appropri-
ate assumptions the calculus that applies for the two cases separately (axioms
of a separoid) still applies for the extended case. These results provide a rig-
orous basis for a wide range of statistical concepts, including ancillarity and
sufficiency, and, in particular, the Decision Theoretic framework for statistical
causality, which uses the language and calculus of conditional independence
in order to express causal properties and make causal inferences.
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A WEIGHT-RELAXED MODEL AVERAGING APPROACH FOR
HIGH-DIMENSIONAL GENERALIZED LINEAR MODELS
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Model averaging has long been proposed as a powerful alternative to
model selection in regression analysis. However, how well it performs in
high-dimensional regression is still poorly understood. Recently, Ando and
Li [J. Amer. Statist. Assoc. 109 (2014) 254-265] introduced a new method
of model averaging that allows the number of predictors to increase as the
sample size increases. One notable feature of Ando and Li’s method is the
relaxation on the total model weights so that weak signals can be efficiently
combined from high-dimensional linear models. It is natural to ask if Ando
and Li’s method and results can be extended to nonlinear models. Because
all candidate models should be treated as working models, the existence of
a theoretical target of the quasi maximum likelihood estimator under model
misspecification needs to be established first. In this paper, we consider gen-
eralized linear models as our candidate models. We establish a general re-
sult to show the existence of pseudo-true regression parameters under model
misspecification. We derive proper conditions for the leave-one-out cross-
validation weight selection to achieve asymptotic optimality. Technically,
the pseudo true target parameters between working models are not linearly
linked. To overcome the encountered difficulties, we employ a novel strategy
of decomposing and bounding the bias and variance terms in our proof. We
conduct simulations to illustrate the merits of our model averaging procedure
over several existing methods, including the lasso and group lasso methods,
the Akaike and Bayesian information criterion model-averaging methods and
some other state-of-the-art regularization methods.
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STRUCTURAL SIMILARITY AND DIFFERENCE TESTING ON
MULTIPLE SPARSE GAUSSIAN GRAPHICAL MODELS!

BY WEIDONG L1U
Shanghai Jiao Tong University

We present a new framework on inferring structural similarities and
differences among multiple high-dimensional Gaussian graphical models
(GGMs) corresponding to the same set of variables under distinct experimen-
tal conditions. The new framework adopts the partial correlation coefficients
to characterize the potential changes of dependency strengths between two
variables. A hierarchical method has been further developed to recover edges
with different or similar dependency strengths across multiple GGMs. In par-
ticular, we first construct two-sample test statistics for testing the equality of
partial correlation coefficients and conduct large-scale multiple tests to esti-
mate the substructure of differential dependencies. After removing differen-
tial substructure from original GGMs, a follow-up multiple testing procedure
is used to detect the substructure of similar dependencies among GGMs. In
each step, false discovery rate is controlled asymptotically at a desired level.
Power results are proved, which demonstrate that our method is more pow-
erful on finding common edges than the common approach that separately
estimates GGMs. The performance of the proposed hierarchical method is
illustrated on simulated datasets.

REFERENCES

ANDERSON, T. W. (2003). An Introduction to Multivariate Statistical Analysis, 3rd ed. Wiley Series
in Probability and Statistics. Wiley, Hoboken, NJ. MR1990662

BELILOVSKY, E., VAROQUAUX, G. and BLASCHKO, M. B. (2015). Hypothesis testing for dif-
ferences in Gaussian graphical models: Applications to brain connectivity Technical report.
http://arxiv.org/abs/1512.08643.

BENJAMINI, Y. and HOCHBERG, Y. (1995). Controlling the false discovery rate: A practical and
powerful approach to multiple testing. J. R. Stat. Soc. Ser. B. Stat. Methodol. 57 289-300.

Cail, T., Liu, W. and LU0, X. (2011). A constrained ¢ minimization approach to sparse precision
matrix estimation. J. Amer. Statist. Assoc. 106 594-607. MR2847973

CANDES, E. and TAO, T. (2007). The Dantzig selector: Statistical estimation when p is much larger
than n. Ann. Statist. 35 2313-2351.

CHIQUET, J., GRANDVALET, Y. and AMBROISE, C. (2011). Inferring multiple graphical structures.
Stat. Comput. 21 537-553.

CHU, J., LAZARUS, R., CAREY, V. J. and RABY, B. A. (2011). Quantifying differential gene con-
nectivity between disease states for objective identification of disease-relevant genes. BMC Syst.
Biol. 5 89.

MSC2010 subject classifications. 62H12, 62H15.
Key words and phrases. Common substructure, false discovery rate, Gaussian graphical model,
high dimensional, structural similarity, structural difference.


http://www.imstat.org/aos/
https://doi.org/10.1214/17-AOS1539
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1990662
http://arxiv.org/abs/1512.08643
http://www.ams.org/mathscinet-getitem?mr=2847973
http://www.ams.org/mathscinet/msc/msc2010.html

Cox, D. R. and WERMUTH, N. (1996). Multivariate Dependencies: Models, Analysis and In-
terpretation. Monographs on Statistics and Applied Probability 67. Chapman & Hall, London.
MR1456990

D’ASPREMONT, A., BANERJEE, O. and EL GHAOUI, L. (2008). First-order methods for sparse
covariance selection. SIAM J. Matrix Anal. Appl. 30 56-66. MR2399568

DANAHER, P., WANG, P. and WITTEN, D. M. (2014). The joint graphical lasso for inverse co-
variance estimation across multiple classes. J. R. Stat. Soc. Ser. B. Stat. Methodol. 76 373-397.
MR3164871

DE LA FUENTE, A. (2010). From “differential expression” to “differential networking”-identification
of dysfunctional regulatory networks in diseases. Trends Genet. 26 326-333.

EFRON, B. (2007). Correlation and large-scale simultaneous significance testing. J. Amer. Statist.
Assoc. 102 93-103. MR2293302

FAN, J., FENG, Y. and WU, Y. (2009). Network exploration via the adaptive lasso and SCAD penal-
ties. Ann. Appl. Stat. 3 521-541. MR2750671

FRIEDMAN, J., HASTIE, T. and TIBSHIRANI, R. (2008). Sparse inverse covariance estimation with
the graphical lasso. Biostat. 9 432—441.

GILL, R., DATTA, S. and DATTA, S. (2010). A statistical framework for differential network analysis
from microarray data. BMC Bioinformatics 11 95.

Gu, Q., CA0, Y., NING, Y. and L1u, H. (2015). Local and global inference for high dimensional
nonparanormal graphical models Technical report. http://arxiv.org/abs/1502.02347.

Guo, J., LEVINA, E., MICHAILIDIS, G. and ZHU, J. (2011). Joint estimation of multiple graphical
models. Biometrika 98 1-15. MR2804206

HARA, S. and WASHIO, T. (2013). Learning a common substructure of multiple graphical Gaussian
models. Neural Netw. 38 23-38.

HONORIO, J. and SAMARAS, D. (2010). Multi-task learning of Gaussian graphical models. In Pro-
ceedings of the 27th International Conference on Machine Learning. Haifa, Israel.

L1, H. and Gul, J. (2006). Gradient directed regularization for sparse Gaussian concentration graphs,
with applications to inference of genetic networks. Biostat. 7 302-317.

L1u, W. (2013). Gaussian graphical model estimation with false discovery rate control. Ann. Statist.
41 2948-2978. MR3161453

Liu, W. (2016). Supplement to “Structural similarity and difference testing on multiple sparse Gaus-
sian graphical models”. DOI:10.1214/17-A0S1539SUPP.

Liu, W. and SHAO, Q. M. (2014). Phase transition and regularized bootstrap in large-scale t-tests
with false discovery rate control. Ann. Statist. 42 2003-2025.

Liu, H., HAN, F., YUAN, M., LAFFERTY, J. and WASSERMAN, L. (2012). High-dimensional semi-
parametric Gaussian copula graphical models. Ann. Statist. 40 2293-2326. MR3059084

MA, S., GONG, Q. and BOHNERT, H. J. (2007). An arabidopsis gene network based on the graphical
Gaussian model. Genome Res. 17 1614-1625.

MEINSHAUSEN, N. and BUHLMANN, P. (2006). High-dimensional graphs and variable selection
with the lasso. Ann. Statist. 34 1436-1462. MR2278363

NEGAHBAN, S. N. and WAINWRIGHT, M. J. (2011). Simultaneous support recovery in high di-
mensions: Benefits and perils of block £ /{¢~o-regularization. /[EEE Trans. Inform. Theory 57
3841-3863. MR2817058

OBOZINSKI, G., WAINWRIGHT, M. and JORDAN, M. L. (2011). Support union recovery in high-
dimensional multivariate regression. Ann. Statist. 39 1-47.

RAVIKUMAR, P., WAINWRIGHT, M. J., RASKUTTI, G. and YU, B. (2011). High-dimensional co-
variance estimation by minimizing ¢ -penalized log-determinant divergence. Electron. J. Stat. 5
935-980. MR2836766

REN, Z., SUN, T., ZHANG, C.-H. and ZHOU, H. H. (2015). Asymptotic normality and optimalities
in estimation of large Gaussian graphical models. Ann. Statist. 43 991-1026. MR3346695


http://www.ams.org/mathscinet-getitem?mr=1456990
http://www.ams.org/mathscinet-getitem?mr=2399568
http://www.ams.org/mathscinet-getitem?mr=3164871
http://www.ams.org/mathscinet-getitem?mr=2293302
http://www.ams.org/mathscinet-getitem?mr=2750671
http://arxiv.org/abs/1502.02347
http://www.ams.org/mathscinet-getitem?mr=2804206
http://www.ams.org/mathscinet-getitem?mr=3161453
https://doi.org/10.1214/17-AOS1539SUPP
http://www.ams.org/mathscinet-getitem?mr=3059084
http://www.ams.org/mathscinet-getitem?mr=2278363
http://www.ams.org/mathscinet-getitem?mr=2817058
http://www.ams.org/mathscinet-getitem?mr=2836766
http://www.ams.org/mathscinet-getitem?mr=3346695

ROTHMAN, A., BICKEL, P., LEVINA, E. and ZHU, J. (2008). Sparse permutation invariant covari-
ance estimation. Electron. J. Stat. 2 494-515.

SCHAFER, J. and STRIMMER, K. (2005). An empirical Bayes approach to inferring large-scale gene
association networks. Bioinformatics 21 754-764.

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

XUE, L. and Zou, H. (2012). Regularized rank-based estimation of high-dimensional nonparanor-
mal graphical models. Ann. Statist. 40 2541-2571. MR3097612

YANG, S., LU, Z., SHEN, X., WONKA, P. and YE, J. (2015). Fused multiple graphical lasso. SIAM
J. Optim. 25 916-943. MR3343365

YUAN, M. (2010). High dimensional inverse covariance matrix estimation via linear programming.
J. Mach. Learn. Res. 11 2261-2286. MR2719856

YUAN, M. and LIN, Y. (2007). Model selection and estimation in the Gaussian graphical model.
Biometrika 94 19-35.

ZHANG, C. (2010). Estimation of large inverse matrices and graphical model selection. Technical
Report. Rutgers University, Department of Statistics and Biostatistics.

ZHANG, B. and WANG, Y. (2010). Learning structural changes of Gaussian graphical models in
controlled experiments. In Proc. of the Twenty-Sixth Conference on Uncertainty in Artificial In-
telligence (UAI 2010) 701-708, Avalon, CA.

ZHAO, S. D., CAL, T. T. and L1, H. (2014). Direct estimation of differential networks. Biometrika
101 253-268.

ZHu, D., HERO, A. O., QIN, Z. S. and SWAROOP, A. (2005). High throughput screening of co-
expressed gene pairs with controlled false discovery rate (FDR) and minimum acceptable strength
(MAS). J. Comput. Biol. 12 1029-1045.

ZOLOTAREV, M., (1961). Concerning a certain probability problem. Theory Probab. Appl. 6 201—
204.


http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=3097612
http://www.ams.org/mathscinet-getitem?mr=3343365
http://www.ams.org/mathscinet-getitem?mr=2719856

The Annals of Statistics

2017, Vol. 45, No. 6, 2708-2735
https://doi.org/10.1214/17-A0S 1542

© Institute of Mathematical Statistics, 2017

(1]

(2]

(6]
(7]
(8]

(9]

ESTIMATING A PROBABILITY MASS FUNCTION
WITH UNKNOWN LABELS!

BY DRAGI ANEVSKIZ, RICHARD D. GILL AND STEFAN ZOHREN?
Lund University, Leiden University and University of Oxford

In the context of a species sampling problem, we discuss a nonparametric
maximum likelihood estimator for the underlying probability mass function.
The estimator is known in the computer science literature as the high profile
estimator. We prove strong consistency and derive the rates of convergence,
for an extended model version of the estimator. We also study a sieved esti-
mator for which similar consistency results are derived. Numerical computa-
tion of the sieved estimator is of great interest for practical problems, such as
forensic DNA analysis, and we present a computational algorithm based on
the stochastic approximation of the expectation maximisation algorithm. As
an interesting byproduct of the numerical analyses, we introduce an algorithm
for bounded isotonic regression for which we also prove convergence.
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OPTIMAL SEQUENTIAL DETECTION IN MULTI-STREAM DATA

BY HOCK PENG CHAN!
National University of Singapore

Consider a large number of detectors each generating a data stream. The
task is to detect online, distribution changes in a small fraction of the data
streams. Previous approaches to this problem include the use of mixture like-
lihood ratios and sum of CUSUMs. We provide here extensions and modifi-
cations of these approaches that are optimal in detecting normal mean shifts.
We show how the (optimal) detection delay depends on the fraction of data
streams undergoing distribution changes as the number of detectors goes to
infinity. There are three detection domains. In the first domain for moderately
large fractions, immediate detection is possible. In the second domain for
smaller fractions, the detection delay grows logarithmically with the number
of detectors, with an asymptotic constant extending those in sparse normal
mixture detection. In the third domain for even smaller fractions, the detec-
tion delay lies in the framework of the classical detection delay formula of
Lorden. We show that the optimal detection delay is achieved by the sum
of detectability score transformations of either the partial scores or CUSUM
scores of the data streams.
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