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MIMICKING COUNTERFACTUAL OUTCOMES TO ESTIMATE
CAUSAL EFFECTS

BY JUDITH J. LOK1

Harvard School of Public Health

In observational studies, treatment may be adapted to covariates at sev-
eral times without a fixed protocol, in continuous time. Treatment influences
covariates, which influence treatment, which influences covariates and so on.
Then even time-dependent Cox-models cannot be used to estimate the net
treatment effect. Structural nested models have been applied in this setting.
Structural nested models are based on counterfactuals: the outcome a person
would have had had treatment been withheld after a certain time. Previous
work on continuous-time structural nested models assumes that counterfac-
tuals depend deterministically on observed data, while conjecturing that this
assumption can be relaxed. This article proves that one can mimic counter-
factuals by constructing random variables, solutions to a differential equa-
tion, that have the same distribution as the counterfactuals, even given past
observed data. These “mimicking” variables can be used to estimate the pa-
rameters of structural nested models without assuming the treatment effect to
be deterministic.
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LIKELIHOOD-BASED MODEL SELECTION FOR STOCHASTIC
BLOCK MODELS1

BY Y. X. RACHEL WANG AND PETER J. BICKEL

Stanford University and University of California, Berkeley

The stochastic block model (SBM) provides a popular framework for
modeling community structures in networks. However, more attention has
been devoted to problems concerning estimating the latent node labels and
the model parameters than the issue of choosing the number of blocks. We
consider an approach based on the log likelihood ratio statistic and analyze
its asymptotic properties under model misspecification. We show the limiting
distribution of the statistic in the case of underfitting is normal and obtain its
convergence rate in the case of overfitting. These conclusions remain valid
when the average degree grows at a polylog rate. The results enable us to
derive the correct order of the penalty term for model complexity and arrive
at a likelihood-based model selection criterion that is asymptotically consis-
tent. Our analysis can also be extended to a degree-corrected block model
(DCSBM). In practice, the likelihood function can be estimated using more
computationally efficient variational methods or consistent label estimation
algorithms, allowing the criterion to be applied to large networks.
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MULTIPLE TESTING OF LOCAL MAXIMA FOR DETECTION
OF PEAKS IN RANDOM FIELDS1

BY DAN CHENG AND ARMIN SCHWARTZMAN

University of California, San Diego

A topological multiple testing scheme is presented for detecting peaks in
images under stationary ergodic Gaussian noise, where tests are performed
at local maxima of the smoothed observed signals. The procedure general-
izes the one-dimensional scheme of Schwartzman, Gavrilov and Adler [Ann.
Statist. 39 (2011) 3290–3319] to Euclidean domains of arbitrary dimension.
Two methods are developed according to two different ways of computing
p-values: (i) using the exact distribution of the height of local maxima, avail-
able explicitly when the noise field is isotropic [Extremes 18 (2015) 213–
240; Expected number and height distribution of critical points of smooth
isotropic Gaussian random fields (2015) Preprint]; (ii) using an approxima-
tion to the overshoot distribution of local maxima above a pre-threshold, ap-
plicable when the exact distribution is unknown, such as when the stationary
noise field is nonisotropic [Extremes 18 (2015) 213–240]. The algorithms,
combined with the Benjamini–Hochberg procedure for thresholding p-values,
provide asymptotic strong control of the False Discovery Rate (FDR) and
power consistency, with specific rates, as the search space and signal strength
get large. The optimal smoothing bandwidth and optimal pre-threshold are
obtained to achieve maximum power. Simulations show that FDR levels are
maintained in nonasymptotic conditions. The methods are illustrated in the
analysis of functional magnetic resonance images of the brain.
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A RATE OPTIMAL PROCEDURE FOR RECOVERING SPARSE
DIFFERENCES BETWEEN HIGH-DIMENSIONAL

MEANS UNDER DEPENDENCE

BY JUN LI AND PING-SHOU ZHONG

Kent State University and Michigan State University

The paper considers the problem of recovering the sparse different com-
ponents between two high-dimensional means of column-wise dependent
random vectors. We show that dependence can be utilized to lower the iden-
tification boundary for signal recovery. Moreover, an optimal convergence
rate for the marginal false nondiscovery rate (mFNR) is established under
dependence. The convergence rate is faster than the optimal rate without de-
pendence. To recover the sparse signal bearing dimensions, we propose a
Dependence-Assisted Thresholding and Excising (DATE) procedure, which
is shown to be rate optimal for the mFNR with the marginal false discov-
ery rate (mFDR) controlled at a pre-specified level. Extensions of the DATE
to recover the differences in contrasts among multiple population means and
differences between two covariance matrices are also provided. Simulation
studies and case study are given to demonstrate the performance of the pro-
posed signal identification procedure.
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ONLINE ESTIMATION OF THE GEOMETRIC MEDIAN IN
HILBERT SPACES: NONASYMPTOTIC CONFIDENCE BALLS

BY HERVÉ CARDOT, PEGGY CÉNAC AND ANTOINE GODICHON-BAGGIONI

Université de Bourgogne Franche Comté

Estimation procedures based on recursive algorithms are interesting and
powerful techniques that are able to deal rapidly with very large samples of
high dimensional data. The collected data may be contaminated by noise so
that robust location indicators, such as the geometric median, may be pre-
ferred to the mean. In this context, an estimator of the geometric median
based on a fast and efficient averaged nonlinear stochastic gradient algorithm
has been developed by [Bernoulli 19 (2013) 18–43]. This work aims at study-
ing more precisely the nonasymptotic behavior of this nonlinear algorithm by
giving nonasymptotic confidence balls in general separable Hilbert spaces.
This new result is based on the derivation of improved L2 rates of conver-
gence as well as an exponential inequality for the nearly martingale terms of
the recursive nonlinear Robbins–Monro algorithm.
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Collect. 7 182–193. IMS, Beachwood, OH. MR2808378

[21] PELLETIER, M. (2000). Asymptotic almost sure efficiency of averaged stochastic algorithms.
SIAM J. Control Optim. 39 49–72 (electronic). MR1780908

[22] PINELIS, I. (1994). Optimum bounds for the distributions of martingales in Banach spaces.
Ann. Probab. 22 1679–1706. MR1331198

[23] POLYAK, B. T. and JUDITSKY, A. B. (1992). Acceleration of stochastic approximation by
averaging. SIAM J. Control Optim. 30 838–855. MR1167814

[24] RUDELSON, M. and VERSHYNIN, R. (2010). Non-asymptotic theory of random matrices: Ex-
treme singular values. In Proceedings of the International Congress of Mathematicians.
Volume III 1576–1602. Hindustan Book Agency, New Delhi. MR2827856

[25] SMALL, C. G. (1990). A survey of multidimensional medians. Int. Stat. Rev. 58 263–277.
[26] TARRÈS, P. and YAO, Y. (2014). Online learning as stochastic approximation of regularization

paths: Optimality and almost-sure convergence. IEEE Trans. Inform. Theory 60 5716–
5735. MR3252416

[27] VARDI, Y. and ZHANG, C.-H. (2000). The multivariate L1-median and associated data depth.
Proc. Natl. Acad. Sci. USA 97 1423–1426 (electronic). MR1740461

[28] WEISZFELD, E. (1937). Sur le point pour lequel la somme des distances de n points donnés
est minimum. Tohoku Math. J. (2) 43 355–386.

[29] WOODROOFE, M. (1972). Normal approximation and large deviations for the Robbins–Monro
process. Z. Wahrsch. Verw. Gebiete 21 329–338. MR0314098

http://www.ams.org/mathscinet-getitem?mr=3224286
http://www.ams.org/mathscinet-getitem?mr=1165598
http://www.ams.org/mathscinet-getitem?mr=2443177
http://www.ams.org/mathscinet-getitem?mr=0949228
http://www.ams.org/mathscinet-getitem?mr=0316102
http://www.ams.org/mathscinet-getitem?mr=1707596
http://www.ams.org/mathscinet-getitem?mr=3378468
http://www.ams.org/mathscinet-getitem?mr=2808378
http://www.ams.org/mathscinet-getitem?mr=1780908
http://www.ams.org/mathscinet-getitem?mr=1331198
http://www.ams.org/mathscinet-getitem?mr=1167814
http://www.ams.org/mathscinet-getitem?mr=2827856
http://www.ams.org/mathscinet-getitem?mr=3252416
http://www.ams.org/mathscinet-getitem?mr=1740461
http://www.ams.org/mathscinet-getitem?mr=0314098


The Annals of Statistics
2017, Vol. 45, No. 2, 615–646
DOI: 10.1214/16-AOS1461
© Institute of Mathematical Statistics, 2017

CONFIDENCE INTERVALS FOR HIGH-DIMENSIONAL LINEAR
REGRESSION: MINIMAX RATES AND ADAPTIVITY1

BY T. TONY CAI AND ZIJIAN GUO

University of Pennsylvania

Confidence sets play a fundamental role in statistical inference. In this
paper, we consider confidence intervals for high-dimensional linear regres-
sion with random design. We first establish the convergence rates of the min-
imax expected length for confidence intervals in the oracle setting where the
sparsity parameter is given. The focus is then on the problem of adaptation to
sparsity for the construction of confidence intervals. Ideally, an adaptive con-
fidence interval should have its length automatically adjusted to the sparsity
of the unknown regression vector, while maintaining a pre-specified coverage
probability. It is shown that such a goal is in general not attainable, except
when the sparsity parameter is restricted to a small region over which the
confidence intervals have the optimal length of the usual parametric rate. It is
further demonstrated that the lack of adaptivity is not due to the conservative-
ness of the minimax framework, but is fundamentally caused by the difficulty
of learning the bias accurately.
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ESTIMATING THE EFFECT OF JOINT INTERVENTIONS
FROM OBSERVATIONAL DATA IN SPARSE

HIGH-DIMENSIONAL SETTINGS

BY PREETAM NANDY∗,1, MARLOES H. MAATHUIS∗,1

AND THOMAS S. RICHARDSON†,2

ETH Zürich∗ and University of Washington†

We consider the estimation of joint causal effects from observational
data. In particular, we propose new methods to estimate the effect of multi-
ple simultaneous interventions (e.g., multiple gene knockouts), under the as-
sumption that the observational data come from an unknown linear structural
equation model with independent errors. We derive asymptotic variances of
our estimators when the underlying causal structure is partly known, as well
as high-dimensional consistency when the causal structure is fully unknown
and the joint distribution is multivariate Gaussian. We also propose a gener-
alization of our methodology to the class of nonparanormal distributions. We
evaluate the estimators in simulation studies and also illustrate them on data
from the DREAM4 challenge.
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IDENTIFIABILITY OF RESTRICTED LATENT CLASS MODELS
WITH BINARY RESPONSES

BY GONGJUN XU

University of Minnesota

Statistical latent class models are widely used in social and psychological
researches, yet it is often difficult to establish the identifiability of the model
parameters. In this paper, we consider the identifiability issue of a family of
restricted latent class models, where the restriction structures are needed to
reflect pre-specified assumptions on the related assessment. We establish the
identifiability results in the strict sense and specify which types of restriction
structure would give the identifiability of the model parameters. The results
not only guarantee the validity of many of the popularly used models, but
also provide a guideline for the related experimental design, where in the
current applications the design is usually experience based and identifiability
is not guaranteed. Theoretically, we develop a new technique to establish the
identifiability result, which may be extended to other restricted latent class
models.
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A BERNSTEIN-TYPE INEQUALITY FOR SOME MIXING
PROCESSES AND DYNAMICAL SYSTEMS WITH AN

APPLICATION TO LEARNING

BY HANYUAN HANG AND INGO STEINWART

University of Stuttgart

We establish a Bernstein-type inequality for a class of stochastic pro-
cesses that includes the classical geometrically φ-mixing processes, Rio’s
generalization of these processes and many time-discrete dynamical systems.
Modulo a logarithmic factor and some constants, our Bernstein-type inequal-
ity coincides with the classical Bernstein inequality for i.i.d. data. We fur-
ther use this new Bernstein-type inequality to derive an oracle inequality for
generic regularized empirical risk minimization algorithms and data gener-
ated by such processes. Applying this oracle inequality to support vector ma-
chines using the Gaussian kernels for binary classification, we obtain essen-
tially the same rate as for i.i.d. processes, and for least squares and quantile
regression; it turns out that the resulting learning rates match, up to some arbi-
trarily small extra term in the exponent, the optimal rates for i.i.d. processes.
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Strong consistency of the maximum likelihood estimator (MLE) for
parametric Gibbs point process models is established. The setting is very gen-
eral. It includes pairwise pair potentials, finite and infinite multibody interac-
tions and geometrical interactions, where the range can be finite or infinite.
The Gibbs interaction may depend linearly or nonlinearly on the parameters,
a particular case being hardcore parameters and interaction range parame-
ters. As important examples, we deduce the consistency of the MLE for all
parameters of the Strauss model, the hardcore Strauss model, the Lennard–
Jones model and the area-interaction model.
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TESTS FOR HIGH-DIMENSIONAL DATA BASED ON MEANS,
SPATIAL SIGNS AND SPATIAL RANKS
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Tests based on mean vectors and spatial signs and ranks for a zero mean
in one-sample problems and for the equality of means in two-sample prob-
lems have been studied in the recent literature for high-dimensional data with
the dimension larger than the sample size. For the above testing problems, we
show that under suitable sequences of alternatives, the powers of the mean-
based tests and the tests based on spatial signs and ranks tend to be same as
the data dimension tends to infinity for any sample size when the coordinate
variables satisfy appropriate mixing conditions. Further, their limiting pow-
ers do not depend on the heaviness of the tails of the distributions. This is
in striking contrast to the asymptotic results obtained in the classical multi-
variate setting. On the other hand, we show that in the presence of stronger
dependence among the coordinate variables, the spatial-sign- and rank-based
tests for high-dimensional data can be asymptotically more powerful than the
mean-based tests if, in addition to the data dimension, the sample size also
tends to infinity. The sizes of some mean-based tests for high-dimensional
data studied in the recent literature are observed to be significantly different
from their nominal levels. This is due to the inadequacy of the asymptotic ap-
proximations used for the distributions of those test statistics. However, our
asymptotic approximations for the tests based on spatial signs and ranks are
observed to work well when the tests are applied on a variety of simulated
and real datasets.

REFERENCES

BAI, Z. and SARANADASA, H. (1996). Effect of high dimension: By an example of a two sample
problem. Statist. Sinica 6 311–329. MR1399305

BRADLEY, R. C. (2005). Basic properties of strong mixing conditions. A survey and some open
questions. Probab. Surv. 2 107–144. MR2178042

CAI, T. T., LIU, W. and XIA, Y. (2014). Two-sample test of high dimensional means under depen-
dence. J. R. Stat. Soc. Ser. B. Stat. Methodol. 76 349–372. MR3164870

CAPPÉ, O., MOULINES, E. and RYDÉN, T. (2005). Inference in Hidden Markov Models. Springer,
New York. MR2159833

CHAKRABORTY, A. and CHAUDHURI, P. (2016). Supplement to “Tests for high-dimensional data
based on means, spatial signs and spatial ranks.” DOI:10.1214/16-AOS1467SUPP.

CHEN, S. X. and QIN, Y.-L. (2010). A two-sample test for high-dimensional data with applications
to gene-set testing. Ann. Statist. 38 808–835. MR2604697

MSC2010 subject classifications. Primary 62H15, 62G10; secondary 60G10, 62E20.
Key words and phrases. ARMA processes, heavy tailed distributions, permutation tests, ρ-

mixing, randomly scaled ρ-mixing, spherical distributions, stationary sequences.

http://www.imstat.org/aos/
http://dx.doi.org/10.1214/16-AOS1467
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1399305
http://www.ams.org/mathscinet-getitem?mr=2178042
http://www.ams.org/mathscinet-getitem?mr=3164870
http://www.ams.org/mathscinet-getitem?mr=2159833
http://dx.doi.org/10.1214/16-AOS1467SUPP
http://www.ams.org/mathscinet-getitem?mr=2604697
http://www.ams.org/mathscinet/msc/msc2010.html


CHOI, K. and MARDEN, J. (1997). An approach to multivariate rank tests in multivariate analysis
of variance. J. Amer. Statist. Assoc. 92 1581–1590. MR1615267

FAN, J. and LIN, S.-K. (1998). Test of significance when data are curves. J. Amer. Statist. Assoc. 93
1007–1021. MR1649196

FENG, L., ZOU, C., WANG, Z. and ZHU, L. (2015). Two-sample Behrens–Fisher problem for high-
dimensional data. Statist. Sinica 25 1297–1312. MR3409068

GREGORY, K. B., CARROLL, R. J., BALADANDAYUTHAPANI, V. and LAHIRI, S. N. (2015).
A two-sample test for equality of means in high dimension. J. Amer. Statist. Assoc. 110 837–
849. MR3367268

HETTMANSPERGER, T. P. and MCKEAN, J. W. (2011). Robust Nonparametric Statistical Methods,
2nd ed. Monographs on Statistics and Applied Probability 119. CRC Press, Boca Raton, FL.
MR2779026

IBRAGIMOV, I. A. and LINNIK, Y. V. (1971). Independent and Stationary Sequences of Random
Variables. Wolters-Noordhoff Publishing, Groningen. MR0322926

KALLENBERG, O. (2005). Probabilistic Symmetries and Invariance Principles. Springer, New York.
MR2161313

KATAYAMA, S. and KANO, Y. (2014). A new test on high-dimensional mean vector without any
assumption on population covariance matrix. Comm. Statist. Theory Methods 43 5290–5304.
MR3282878

KOLMOGOROV, A. N. and ROZANOV, J. A. (1960). On a strong mixing condition for stationary
Gaussian processes. Teor. Verojatnost. i Primenen. 5 222–227. MR0133175

LIN, Z. and LU, C. (1996). Limit Theory for Mixing Dependent Random Variables. Mathematics
and Its Applications 378. Kluwer, Dordrecht. MR1486580

MARDEN, J. I. (1999). Multivariate rank tests. In Multivariate Analysis, Design of Experiments, and
Survey Sampling. Statist. Textbooks Monogr. 159 401–432. Dekker, New York. MR1719102

MÖTTÖNEN, J. and OJA, H. (1995). Multivariate spatial sign and rank methods. J. Nonparametr.
Stat. 5 201–213. MR1346895

MÖTTÖNEN, J., OJA, H. and TIENARI, J. (1997). On the efficiency of multivariate spatial sign and
rank tests. Ann. Statist. 25 542–552. MR1439313

OJA, H. (2010). Multivariate Nonparametric Methods with R: An Approach Based on Spatial Signs
and Ranks. Lecture Notes in Statistics 199. Springer, New York. MR2598854

PURI, M. L. and SEN, P. K. (1971). Nonparametric Methods in Multivariate Analysis. Wiley, New
York. MR0298844

SRIVASTAVA, M. S., KATAYAMA, S. and KANO, Y. (2013). A two sample test in high dimensional
data. J. Multivariate Anal. 114 349–358. MR2993891

WANG, L., PENG, B. and LI, R. (2015). A high-dimensional nonparametric multivariate test for
mean vector. J. Amer. Statist. Assoc. 110 1658–1669. MR3449062

WEI, S., LEE, C., WICHERS, L. and MARRON, J. S. (2016). Direction-projection-permutation for
high-dimensional hypothesis tests. J. Comput. Graph. Statist. 25 549–569. MR3499694

http://www.ams.org/mathscinet-getitem?mr=1615267
http://www.ams.org/mathscinet-getitem?mr=1649196
http://www.ams.org/mathscinet-getitem?mr=3409068
http://www.ams.org/mathscinet-getitem?mr=3367268
http://www.ams.org/mathscinet-getitem?mr=2779026
http://www.ams.org/mathscinet-getitem?mr=0322926
http://www.ams.org/mathscinet-getitem?mr=2161313
http://www.ams.org/mathscinet-getitem?mr=3282878
http://www.ams.org/mathscinet-getitem?mr=0133175
http://www.ams.org/mathscinet-getitem?mr=1486580
http://www.ams.org/mathscinet-getitem?mr=1719102
http://www.ams.org/mathscinet-getitem?mr=1346895
http://www.ams.org/mathscinet-getitem?mr=1439313
http://www.ams.org/mathscinet-getitem?mr=2598854
http://www.ams.org/mathscinet-getitem?mr=0298844
http://www.ams.org/mathscinet-getitem?mr=2993891
http://www.ams.org/mathscinet-getitem?mr=3449062
http://www.ams.org/mathscinet-getitem?mr=3499694


The Annals of Statistics
2017, Vol. 45, No. 2, 800–832
DOI: 10.1214/16-AOS1468
© Institute of Mathematical Statistics, 2017

INFERENCE ON THE MODE OF WEAK DIRECTIONAL SIGNALS:
A LE CAM PERSPECTIVE ON HYPOTHESIS TESTING NEAR

SINGULARITIES

BY DAVY PAINDAVEINE1 AND THOMAS VERDEBOUT

Université libre de Bruxelles

We revisit, in an original and challenging perspective, the problem of
testing the null hypothesis that the mode of a directional signal is equal to
a given value. Motivated by a real data example where the signal is weak,
we consider this problem under asymptotic scenarios for which the signal
strength goes to zero at an arbitrary rate ηn. Both under the null and the alter-
native, we focus on rotationally symmetric distributions. We show that, while
they are asymptotically equivalent under fixed signal strength, the classical
Wald and Watson tests exhibit very different (null and nonnull) behaviours
when the signal becomes arbitrarily weak. To fully characterize how chal-
lenging the problem is as a function of ηn, we adopt a Le Cam, convergence-
of-statistical-experiments, point of view and show that the resulting limiting
experiments crucially depend on ηn. In the light of these results, the Watson
test is shown to be adaptively rate-consistent and essentially adaptively Le
Cam optimal. Throughout, our theoretical findings are illustrated via Monte-
Carlo simulations. The practical relevance of our results is also shown on the
real data example that motivated the present work.
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ASYMPTOTIC BEHAVIOUR OF THE EMPIRICAL BAYES
POSTERIORS ASSOCIATED TO MAXIMUM MARGINAL

LIKELIHOOD ESTIMATOR

BY JUDITH ROUSSEAU1,∗,† AND BOTOND SZABO2,‡,§

University Paris Dauphine,∗ CREST-ENSAE,† Budapest University of
Technology‡ and Leiden University§

We consider the asymptotic behaviour of the marginal maximum likeli-
hood empirical Bayes posterior distribution in general setting. First, we char-
acterize the set where the maximum marginal likelihood estimator is located
with high probability. Then we provide oracle type of upper and lower bounds
for the contraction rates of the empirical Bayes posterior. We also show that
the hierarchical Bayes posterior achieves the same contraction rate as the
maximum marginal likelihood empirical Bayes posterior. We demonstrate
the applicability of our general results for various models and prior distri-
butions by deriving upper and lower bounds for the contraction rates of the
corresponding empirical and hierarchical Bayes posterior distributions.
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STATISTICAL CONSISTENCY AND ASYMPTOTIC NORMALITY
FOR HIGH-DIMENSIONAL ROBUST M-ESTIMATORS

BY PO-LING LOH

University of Wisconsin-Madison

We study theoretical properties of regularized robust M-estimators, ap-
plicable when data are drawn from a sparse high-dimensional linear model
and contaminated by heavy-tailed distributions and/or outliers in the additive
errors and covariates. We first establish a form of local statistical consistency
for the penalized regression estimators under fairly mild conditions on the
error distribution: When the derivative of the loss function is bounded and
satisfies a local restricted curvature condition, all stationary points within a
constant radius of the true regression vector converge at the minimax rate en-
joyed by the Lasso with sub-Gaussian errors. When an appropriate noncon-
vex regularizer is used in place of an �1-penalty, we show that such stationary
points are in fact unique and equal to the local oracle solution with the correct
support; hence, results on asymptotic normality in the low-dimensional case
carry over immediately to the high-dimensional setting. This has important
implications for the efficiency of regularized nonconvex M-estimators when
the errors are heavy-tailed. Our analysis of the local curvature of the loss
function also has useful consequences for optimization when the robust re-
gression function and/or regularizer is nonconvex and the objective function
possesses stationary points outside the local region. We show that as long as a
composite gradient descent algorithm is initialized within a constant radius of
the true regression vector, successive iterates will converge at a linear rate to
a stationary point within the local region. Furthermore, the global optimum
of a convex regularized robust regression function may be used to obtain a
suitable initialization. The result is a novel two-step procedure that uses a
convex M-estimator to achieve consistency and a nonconvex M-estimator to
increase efficiency. We conclude with simulation results that corroborate our
theoretical findings.
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INTERACTION PURSUIT IN HIGH-DIMENSIONAL
MULTI-RESPONSE REGRESSION VIA DISTANCE CORRELATION1

BY YINFEI KONG∗, DAOJI LI†, YINGYING FAN‡ AND JINCHI LV‡

California State University, Fullerton∗, University of Central Florida† and
University of Southern California‡

Feature interactions can contribute to a large proportion of variation in
many prediction models. In the era of big data, the coexistence of high dimen-
sionality in both responses and covariates poses unprecedented challenges in
identifying important interactions. In this paper, we suggest a two-stage inter-
action identification method, called the interaction pursuit via distance corre-
lation (IPDC), in the setting of high-dimensional multi-response interaction
models that exploits feature screening applied to transformed variables with
distance correlation followed by feature selection. Such a procedure is com-
putationally efficient, generally applicable beyond the heredity assumption,
and effective even when the number of responses diverges with the sample
size. Under mild regularity conditions, we show that this method enjoys nice
theoretical properties including the sure screening property, support union
recovery and oracle inequalities in prediction and estimation for both inter-
actions and main effects. The advantages of our method are supported by
several simulation studies and real data analysis.
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