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MIMICKING COUNTERFACTUAL OUTCOMES TO ESTIMATE
CAUSAL EFFECTS

BY JUDITH J. Lok!
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 MODELS!

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
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(4]
(3]
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OF PEAKS IN RANDOM FIELDS'

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
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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 L? 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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REGRESSION: MINIMAX RATES AND ADAPTIVITY'

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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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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