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Abstract: Variable selection methods have been developed in linear re-
gression to provide sparse solutions. Recent studies have focused on further
interpretations on the sparse solutions in terms of false positive control.
In this paper, we consider false negative control for variable selection with
the goal to efficiently select a high proportion of relevant predictors. Differ-
ent from existing studies in power analysis and sure screening, we propose
to directly estimate the false negative proportion (FNP) of a decision rule
and select the smallest subset of predictors that has the estimated FNP less
than a user-specified control level. The proposed method is adaptive to the
user-specified control level on FNP by selecting less candidates if a higher
level is implemented. On the other hand, when data has stronger effect size
or larger sample size, the proposed method controls FNP more efficiently
with less false positives. New analytic techniques are developed to cope
with the major challenge of FNP control when relevant predictors cannot
be consistently separated from irrelevant ones. Our numerical results are in
line with the theoretical findings.
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1. Introduction

We consider a sparse linear model

y=XB+e, (1.1)
where y = (y1,...,9n)? is the vector of n observations of response, X =
[X1,...,%Xp] € R™P is the design matrix, 8 = (b1,...,5,)" is the vector of

unknown coefficients, and € ~ N, (07 021) is the vector of random errors. We
assume 02 = O (1). Let I = {1 <j < p: ; # 0} be the set of indices for non-
zero coefficients with cardinality s = |I1| and Iy = {1 <j <p:p; =0} with
cardinality pg = |Ip].

Variable selection methods often provide sparse solutions for the estimation
of 3. The non-zero elements of an estimate correspond to variables selected
as candidates for relevant predictors. A great amount of literature with many
fruitful ideas has contributed to the development of sparse solutions to accom-
modate the underlying features of the data. We refer to [5] and the references
therein for a nice introduction.

Given a selection result, a false positive (FP) occurs when an irrelevant pre-
dictor is selected, and a false negative (FN) occurs when a relevant predictor is
not selected. It is natural to interpret a selection result in terms of false positive
or false negative control, and exciting progress has emerged for false positive
control, e.g. [3], [4], [9], [17], [24], [32], [38]. However, the study for efficient false
negative control remains relatively underdeveloped.

False negative control is important in many real applications and sometimes
a more serious concern than false positive control. For example, in pre-surgical
brain mapping with functional MRI, the primary goal is to reduce false negatives
where genuine functional areas are not identified. This is because neurosurgical
patients are more likely to experience significant harm from mistakenly deeming



5308 X. J. Jeng and X. Chen

a region to be functionally uninvolved and subsequently resecting critical tissue
than from incorrectly assigning function to an uninvolved region [25, 26, 31].
Another example where false negative control is of main concern is in the ex-
ploratory stage of high-dimensional data analysis, where pre-screening is often
conducted to reduce data dimension while keeping a high proportion of true
signal variables for follow-up studies.

The problem of false negative control is conceptually related but method-
ologically very different from Sure Screening in, e.g., [14, 15]. Sure Screening
aims to reduce the data dimension by removing only irrelevant predictors. For
instance, the Sure Independence Screening procedure in [14] ranks variables by
estimated marginal regression coefficients and selects the top d variables where d
is fixed at n—1 or n/logn. It has been proved that under certain conditions, the
screening procedure has eliminated only irrelevant predictors with high proba-
bility. The false negative control problem considered here focuses on selecting
a high proportion of relevant predictors without including many unnecessary
irrelevant predictors. It may be regarded as a more refined screening procedure
with a data-adaptive selection rule instead of a fixed d.

We use false negative proportion (FNP) as a measure for false negative con-
trol. For a given selection rule, FNP is defined as the ratio of the number of
false negatives to the total number of relevant predictors. FNP takes values
in [0,1] and is equivalent to 1 — Sensitivity in binary classification framework.
Our work starts with consistently estimating FNP for a given selection rule.
To achieve this, we develop novel analyses on the tail behavior of the empirical
processes associated with FNP. Based on the estimation of FNP, we develop
a new variable selection procedure to control FNP at a user-specified level. If
users can tolerate more false negatives, they may implement lower control lev-
els on FNP in the procedure and select less candidates for relevant predictors.
On the other hand, if the effect of relevant predictors gets stronger or sam-
ple size increases, the procedure controls FNP more efficiently with less false
positives.

An important component of the proposed FNP control method is an estima-
tor for the number of relevant predictors. We provide a consistent estimator for
dependent test statistics, for which we adopt the recently developed debiased
Lasso estimates [20, 34, 37].

Although FNP, by definition, is equivalent to the power in (single) hypothesis
testing, our proposed study on FNP control is very different from the existing
power analysis in hypothesis testing. In the latter, a decision rule is built upon
Type I error control and followed by power calculation with assumptions on
the effect size. For such methods to control FNP in addition to controlling
family-wise Type I error when multiple hypotheses are considered, the effect
sizes of relevant variables need to be larger enough to ensure essentially perfect
separation of relevant and irrelevant variables. The proposed method, on the
other hand, directly bound the estimated FNP at a user-specified level, which
allows a more effective control on FNP. Our condition on effect size for FNP
control is shown to be weaker than the existing beta-min conditions that are
required for perfect separation of relevant and irrelevant variables.
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The rest of the paper is organized as follows. Section 2 presents FNP estima-
tion in two steps: (1) constructing test statistics for regression coefficients and
(2) approximating FNP based on the test statistics. Section 3 develops a variable
selection method to control FNP at a user-specified level and a computational
algorithm to implement the method. Section 4 presents the finite-sample perfor-
mance of the proposed method in simulation. Conclusion and further discussion
are provided in Section 5. Proofs for the main theoretical results are presented
in Section 6. Extra technical details are provided in Appendix.

2. False negative proportion estimation

Recall that for a selection rule, FNP is the ratio of the number of false negatives
to the total number of relevant predictors. In this section, we rank the predictors
based on the debiased Lasso estimates and approximate FNP at a given cut-off
point on the list of ranked predictors.

2.1. Test statistics based on debiased Lasso estimates

Recall model (1.1). The well-known Lasso estimator is

B =B =argﬁné%;(\ly—Xﬂllg/n+2)\\|5||1)7 (2.1)

where A is a tuning parameter [33]. Recently, the debiased Lasso estimator has
been developed to mitigate the bias of Lasso estimator [34, 37]. The debiased
Lasso estimator is defined as

Bz@hmng:g+n4@qufX@, (2.2)

where © € RP*? is an estimate for the precision matrix of the predictors and
can be obtained via nodewise regression on X as in [28]. Let 3 = n71XTX. It
has been shown that

Vb —p8)=n"120X"e -6 =w -4, (2.3)

where

WX ~ N, (0,020), =036,
and o .
8= (01,....6,) = V(O —1)(3 - B). (24)
Under certain conditions, ||6]|sc = 0p(1), which implies the asymptotic normality
of b [6, 20, 21, 34, 37]. We present the set of conditions from [21] as A1)-A3)
in Appendix A.1.

In this paper, we obtain test statistics for 3 using the standardized debiased
Lasso estimator as

zj = \/ﬁl;ja_lﬁj_jlm for 1<j<p (2.5)
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where €2;; denotes the (4, ) entry of Q. Therefore, for each 1 < j < p,
% =y + wjy — 0,

where, given X,

wy

W = ~NOD, 8= and = YL ()

J ~ J ~
o4/ 825 o/ 825

2.2. Approximating false negative proportion

We aim to determine a cut-off value for the realized test statistics to control
false negative proportion (FNP) at an user-specified level. For this purpose, we
first study the consistent estimation of FNP. For any ¢ > 0, define

P
R(t) = Z Lijz1> )5 TP (t) = Z 121513
=1

Jj€h

j
FN (¢) = Z Lijz i<ty FP () = Z Ljz; >3-

JEIL j€lo

Note that FN (¢) is unobservable as I; is unknown, and that the dependence
among z;’s also affect FN (). It is easy to see that

FN(t) =s—TP(t) =s—[R(t) — FP (¢)] (2.7)
and
FNP (t) = FN;t) __ B _SFP ®) (2.8)

Since R (t) is directly observable from the data, the unknown quantities in (2.8)
are FP (t) and s. We propose to substitute FP (¢) in (2.7) by 2(p — s)® (—t),
where ®(-) is the cumulative distribution function (CDF) of a standard Normal
random variable, because z; is asymptotically standard Normal for j € Io.
Further, we can plug in an estimator § for s, which results in the estimator

R(t) = 2p— $)® (1)

3

FNP (t) =1 —

(2.9)

From the definitions of FNP(¢) and F/N\P(t), it can be shown that
FNP (£) — FNP (¢)| = op(1) is implied by

sTHFP(t) — 2po®(—t)| = op (1) and |3/s — 1] = op(1). (2.10)

Because FP(¢) is the summation of py terms and s can be much smaller than
po, approximating FP(t)/s requires more delicate analysis than approximating
FP(t)/po, which has been studied in the literature for False Discovery Proportion
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(FDP) control (e.g. [13]). Also, the dependence among test statistics {z;}/_;
adds another layer of difficulty.

In this paper, we consider s = p*~" for some 1 € (0, 1), so that the number of
relevant predictors is of a smaller order than the total number of variables. On
the other hand, we consider ¢ values calibrated as ¢t = t¢ = v/2{logp for some
& > 0, so that the scale of ¢ is comparable to that of the extreme value of p
independent standard Gaussian variables. Such calibration has been utilized to
study the detection of Gaussian mixtures [2, 7, 12], and to analyze variable selec-
tion consistency in linear regression [23]. In this paper, we adopt the calibration
to study the estimation of FNP in linear regression.

Further, define the precision matrix of the predictors as ® and let

s; =Nk #j:0Oj, #0} and Smazr = Max §;.
1<j<p
Namely, the parameter $,,,, represents the row-sparsity of the precision matrix,

which contributes to the strength of the dependence among the test statistics.
Define

- 10g(n/$mas) log
* _op 1, =S\ Pmaz) ¥ —9_9p—
m 7 — mingl, 2logp b 72 N 2logp’
and
~v* = max{v;y,75} (2.11)

The next theoretical result demonstrates the range of ¢ values in which the
first equation s~ |FP(t) — 2p®(—t)| = op (1) in (2.10) is achievable.

Theorem 2.1. Consider model (1.1) and the test statistics {z;}5_, in (2.5).
Assume conditions A1) through A3) in Appendiz A.1 for the asymptotic nor-
mality of {zj}gzl. Let s = p*=" for some n € (0,1) and t = t¢ = \/2logp for
&> 0. Assume £ > min{n,v*} for v* in (2.11), then

sTHFP(te) — 2po@(~t¢)| = op (1). (2.12)

Because FP(t) is the summation of py indicator functions and py > s(=
p'~"), FP(t)/s blows up at constant t. Theorem 2.1 says that the approximation
of FP(t)/s is achievable for t at the scale of t¢. This is substantially different
from the existing study of FDP control, where the approximation of FP(¢)/po
and R(t)/po are studied at constant ¢.

The condition £ > min{7n, v*} can be decomposed as follows. When n < ~*, we
have & > 7, and the claim in (2.12) follows by showing that s™FP(t¢) = 0,(1) =
s 'po®(—t¢). On the other hand, when > v* and v* < £ < 7, more delicate
analysis is needed to study the variability of FP(t¢). The condition & > ~f
essentially controls the variability of s™'FP,(t¢), where w’ is the Gaussian
component of z as in (2.6) and FPw/(t¢) = > ;o1 1{‘w;‘>t£}. The condition

& > 73 controls the cumulative errors caused by the component 8’ of z.
Existing study in [23] has shown optimal phase diagram in (£, 7) for high-
dimensional variable selection. Their work, however, focuses on scenarios with
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& > n. We extend the analysis to the more challenging case with v* < £ < 7,
for which we study the variability of s 'FP,,(t¢) under the dependence of test

statistics. Recall the covariance matrix o2 in (2.3). Since £ = 636" and
that 3 is not a sparse matrix, 022 is not sparse or possessing any well-known
structures. The study in [23] imposes conditions on the covariance matrix of pre-
dictors that essentially prohibit excessive signal cancellations when performing
marginal regression. Our condition of dependence, on the other hand, demon-
strate the effect of the sparsity of precision matrix ($,,q,) through v*. Overall,
& > min{n,v*} is easier to be satisfied with larger n, smaller p, or smaller s,

To achieve the second equation in (2.10), we modify the estimator introduced
in [29] and study its consistency for estimating s in our setting. We refer to the
modified estimator as the MR estimator. Recall the standardized debiased Lasso

estimator z; = \/ﬁlsja_lflj_jlp,l < j < p. Let F,(t) =p~! > 1 Iz >y and
a(t) = \/2<I>(t) (1 —2®(t)), where ®(t) = 1 — ®(t). The MR estimator for the

portion of relevant predictors (m = s/p) is constructed as

Fy(t) — 2®(t) — c,5 (1)

T =su = , 2.13
20 1—23(1) (2.13)
where ¢, is a bounding sequence pre-specified as follows. Define
P
Gp(t)=p > L{jw; >t}
j=1
Gp(t) — 20(t

H(t) = 2 )_ ( ), and  V, =supH(t). (2.14)

o (t) >0

Set ¢, as the (1 — ay,)-th quantile of V, for o, = o(1), so that P(V, > ¢,) =
o, — 0 as p — o0. In other words, ¢, can be looked upon as an upper bound
for V,, probabilistically, and the implement of ¢, in (2.13) eventually controls
over-estimation on .

Compared to the original MR estimator in [29], the key modification in (2.13)
and (2.14) is the use of F,(t) and Gy, (), two empirical processes each with de-
pendent random summands. Naturally, this requires different techniques to find
{cp},>1- The setting in [29] considers independent p-values that are uniformly
distributed under the null hypothesis. Since the limiting distribution of the
uniform empirical process with independent summands is known and has an
analytic expression, a bounding sequence can be directly found from the distri-
bution in the construction of the original MR estimator. However, in our settings
{z; }5’:1 are dependent, and the exact distributions of {b;},_, are unspecified.

~ . ne AT

In fact, {b; }2‘7:1 asymptotically has covariance matrix 02} = ¢2©X0 . In
theory, \Q” — 0, = o0p(1) for any (4,5) under conditions Al) through A3)
in Appendix A.1. However, €2 itself is neither diagonal nor sparse, and the

approximation errors of all the elements in 2 add up to influence V},. Note that
Vp is the higher criticism statistic of [12] based on the Gaussian component
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w’ of z. Unfortunately, existing techniques for higher criticism statistic under
short-range and long-range dependence [18] cannot be applied here because our
test statistics with covariance matrix 02§ cannot be partitioned as in [18].

In this paper, we employ a discretization technique adopted from [1] to derive
bounds on the variance of a discretized {H(¢) : ¢ > 0} and define a discretized
version of V}, as

V' = max {H(t) (te [\/To log p, /71 logp} N N} (2.15)

for two positive constants 7o and 7, such that 0 < 79 < 71. Then, a discretized
version of the MR estimator is defined as

. {Fp(t) —20(t) — ;o ()

m* = max 200 te [\/Tologp, \/Tllogp} HN}, (2.16)

where cj, is the (1 — a;)-th quantile of V' for oy, = o(1). Let

. — —-1/2

as a measure on the minimal effect size of relevant variables. The following
theorem demonstrates the consistency of 7*. Its proof is presented in Section 6.2.

Theorem 2.2. Assume conditions A1) through A3) in Appendiz A.1 for the
asymptotic normality of {zj}§=1, Let s = p'=" for some n € (0,1) and fimin >

2(y* 4+ ¢)logp for pumin and v* in (2.17) and (2.11) and some constant ¢ >
0. Then #* with bounding sequence c; at the order of (Smax/n)/*logp, T €
(29*,29* 4+ ¢), and 71 > 2(y* + ¢) consistently estimates the proportion w of
relevant predictors, i.e., for any § > 0,

P(|a*/m—1|<d6) =1
and, consequently, § = T*p satisfies
P(ls/s —1] <) — 1.

Note that the order of ¢ shows the effects of sparsity of the precision matrix
(8maz), sample size (n), and dimensionality (p) on V,". The condition timn >

2(y* 4 ¢)log p shows that consistent estimation of s gets easier with smaller
Smaz, larger n, and smaller p.

In summary, Theorem 2.1 and E}leorem 2.2 facilitate the two equations in
(2.10) for FNP(t) estimation by FNP(t). Note that in practice we will need
to simulate V,, and ¢, to derive the estimated s and FNP(¢). Please refer to
Section 3.2 for details of the numerical implementation.

3. FNP control at a user-specified level

In this section, we introduce a new method for FNP control at a user-specified
level in high-dimensional regression. We say that a variable selection method
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asymptotically controls FNP at a pre-specified level € € (0,1) if the FNP of its
selection outcome satisfies

P(FNP <€) — 1.

Such methods are useful in applications where data dimensions need to be
largely reduced for subsequent analyses while controlling false negatives at a
tolerable level.

3.1. The FNC-Reg procedure

Based on the approximation results of FNP, we propose the False Negative Con-
trol for Regression (FNC-Reg) procedure, which determines the cut-off threshold
on the list of ranked {|z;|};_; as

#(¢) = sup {t FNP(¢) < e} (3.1)

for an user-specified € € (0,1). FNC-Reg selects predictors with |z;| > t*(e).

It can be seen that FNC-Reg is a procedure built upon direct estimation
of FNP and a user-specified control level of FNP. Given that F/N\P(t) is non-
increasing with ¢, FNC-Reg selects the smallest subset of {z; ?:1 such that the
estimated FNP is less than e. Moreover, this procedure depends on user’s pref-
erence for the control level of FNP. Since t*(¢) is non-decreasing with e, if users
can tolerate missing a higher proportion (larger €) of relevant variables, they
may select less variables using the procedure. The selected subset of variables
can be much smaller than the full set of variables, which corresponds to no false
negatives. The next theorem shows that under certain conditions, the FNC-Reg
procedure asymptotically controls the true FNP at the level of e.

Theorem 3.1. Assume conditions A1) through A3) in Appendiz A.1. Assume
Emin = /2(7* 4+ ¢)logp for pmin and v* in (2.17) and (2.11) and some con-
stant ¢ > 0. Then t*(e) determined by (3.1) with § = 7*p satisfies

P (FNP(t*(e)) <€) — 1. (3.2)
Consequently, t*(e) determined by (8.1) with § = wp and ¢, = ¢, also satisfies
P (FNP(t"(e)) <€) — 1. (3.3)

Result in (3.2) shows the FNP control by FNC-Reg when the discretized MR
estimator is implemented in (2.9). (3.3) extends the result to FNC-Reg with the
MR estimator.

We compare the condition on pipiy in Theorem 3.1 with the beta-min con-
dition of variable selection consistency. Our condition on iy, achieves the or-
der O(y/(logp)/n) for Bumin, which is the optimal oder for variable selection
consistency [19, 35]. On the other hand, Our condition on gy, specifies the
constant term /27* with v* in (2.11), while existing beta-min conditions for
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different methods have various constant terms that are often not fully specified.
Therefore, we attempt to compare with the optimal constant term for variable
selection consistency in the ideal setting, where the predictors (Xji,...,X;p)
are generated as i.i.d. samples from N(0, I,x,). Existing study in, for exam-
ple, [23] has shown that the optimal constant is v/2 + 1/2(1 — 7)), i.e. smaller 7
(larger s) makes it harder to perfectly separate all the signals from noise. Then,
it follows that /27* < v/2 + \/2(1 — 1) for any 5 € (0,1). The above analysis
shows that in the ideal setting, our condition on i, is weaker than the opti-
mal beta-min condition for variable selection consistency, and that FNP control
can be achieved by FNC-Reg when relevant and irrelevant variables may not be
perfectly separated.

3.2. Numerical implementation of FNC-Reg

We provide a computational algorithm to implement the proposed FNC-Reg
procedure. First, the estimation of s relies on the bounding sequence c,, which
is pre-fixed as the (1 — oy, )-th quantile of V. In numerical implementation, we
suggest to simulate V,, and ¢, as follows. We simulate the data under the global
null hypothesis that no relevant predictors exist and calculate the corresponding
standardized debiased Lasso estimator Z;. Note that Z; is asymptotically dis-
tributed as w} under the global null hypothesis. We order z;’s by their absolute
values such that |Z1)| > |Z2)| > ... > £ | and calculate

- i/p—29(|%;
1<i<p/2 7 (|35)])

Repeat the above 1000 times and determine ¢, as the (1 — 1/+/log p)-th quan-
tile of the empirical distribution of f/p(l), ceey ‘7,,(1000). Consequently, given the

ordered test statistics |z(1)| > [2(2)| > ... > |2(p)|, calculate

= 28|z ) — &5 (120
S P (Iz)D) = &0 (l2)])
1<j<p/2 1—2@(‘2@-”)

. (3.5)

Algorithm 1 FNC-Reg

1. Derive the debiased Lasso estimator b as in (2.2).

2. Standardize b and obtain zj = \/ﬁl;ja_lflj_jl/z for 1 < j < p. Order the
{zi}jor as [zl > L) > - > 2.

3. Calculate the bounding sequence ¢, as the (1 — 1/4/Iogp)-th quantile of

the empirical distribution of Vj, in (3.4).

Obtain 7 by (3.5) and § = 7p.

Calculate I:/I\F3(|z(j)|) for j=1,...,p by (2.9).

Obtain t*(e) = max{|z(;)| : F/I\F’(|z(j)\) < ¢} for a user-specified € > 0.

Select predictors with |z;| > t*(e).

N o
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Fic 1. Boz-plots of §/s with p = 200, s = 10, and B1 increasing from 0.2 to 0.5. The left plot
has n = 100 and the right plot has n = 150.

4. Numerical analysis

Examples in this section have the response y simulated by the regression model
(1.1) with e ~ N, (0,I). Each row of X is simulated from N, (0, X). We use the
Ergos-Rényi random graph in [8] to generate the precision matrix @ = !
with $;az ~ Binomial(p, 8), such that the nonzero elements of @ are randomly
located in each of its rows with magnitudes randomly generated from the uni-
form distribution Uniform[0.4, 0.8]. The nonzero coefficients are set at 1, ..., 8s
with the same values. The debiased Lasso estimates are obtained by applying
the R package hdi [11].

4.1. Estimating s

We compare the estimated § with the true s in two settings. The first setting
has p = 200,n = 100,s = 10,0 = 0.02, and ; = 0.2 — 0.5. The second setting
increases sample size n to 150. As claimed in Theorem 2.2, the accuracy of
§ increases with the magnitude of non-zero coefficients and the sample size.
Figure 1 presents the box-plots of the ratio §/s from 100 replications. When f;
or sample size is small, § tends to under-estimate the true s. As (1 increases
from 0.2 to 0.5 or n increases from 100 to 150, §/s concentrates more around 1.

4.2. FNP control

We apply the FNC-Reg algorithm presented in Section 3.2 to the simulated
data with p = 200, n = 150, s = 10, § = 0.02, and #; = 0.2 — 0.5. Table 1 has
€ fixed at 0.1 and reports the mean value of FNP(¢*) as 1 increased from 0.2
to 0.5. We also calculated the associated false discovery proportion (FDP(¢*) =
FP(t*)/R(t*)) to reveal the price in incurring false positives for FNP control.
Further, we calculate the F-measure, which summarizes FNP and FDP by the
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harmonic mean of (1-FNP) and (1-FDP) [30]. F-measure takes a value between
0 and 1, and higher value corresponds to better summarized performance.

Because we are not aware of any existing methods that directly control FNP
in high-dimensional regression, we present the corresponding results of two other
methods that perform variable selection based on different criteria. These results
help to better understand the results of FNC-Reg. The first method is Lasso
whose solution is obtained using the R package hdi, in which X is determined by
cross validation. The second method is Knockoff, which has been developed to
control false discovery rate (FDR) at a user-specified level in high-dimensional
regression [3, 9]. We use the “knockoff.filter” function in default from the R
package knockoff, which creates model-X second-order Gaussian knockoffs as
introduced in [9]. The nominal level is set at 0.1.

TABLE 1
The mean values and standard deviations (in brackets) of FNP, FDP, and the F-measure
from 100 replications for FNC-Reg, Lasso, and Knockoff.

51 Method FNP FDP F-measure

0.2 FNC-Reg | 0.37 (0.16 0.35 (0.30) 0.58 (0.20
Lasso 0.29 (0.12 0.51 (0.16)  0.56 (0.16
Knockoff | 0.91 (0.23 0.06 (0.16) 0.08 (0.21

(
(
(
03 FNC-Reg | 0.19 (0.11) 0.20 (0.24)  0.77 (0.17
Lasso 0.15 (0.09)  0.43 (0.11)  0.67 (0.09
Knockoff | 0.60 (0.44) 0.11 (0.15)  0.37 (0.41
(
(
(
(
(
(

(
(
(
(
(
0.4 FNC-Reg | 0.10 (0.09) 0.17 (0.25) 0.84 (0.19
(
(
(
(
(

Lasso 0.06 (0.07) 0.42 (0.12)  0.71 (0.10
0.12 (0.14)  0.61

0.13 (0.22) 0.90
0.38 (0.12)  0.74
0.09 (0.11)  0.74

Knockoff 0.34

0.5 FNC-Reg | 0.04
Lasso 0.02
Knockoff 0.21

0.45

0.09
0.10
0.49

0.42

0.18
0.14
0.38

) )
) )
) )
) )
) )
) )
) )
) )
) )
) )
) )
) )

It can be seen from Table 1 that as (; increases, the FNP of FNC-Reg
decreases, which agrees with the theoretical insight provided by the condition
ON [lymin in Theorem 3.1. In the challenging scenarios where 3; is very small, the
FNP of FNC-Reg mostly exceeds the nominal level of 0.1, which is due to the
under-estimation of § and FNC-Reg’s tendency to select less variables to capture
the under-estimated number of signals. Furthermore, both FNP and FDP of
FNC-Reg get smaller for larger 31, suggesting that FNC-Reg automatically
adapt to and benefit from increasing signal intensity for both false negative
and false positive control. Table 1 also shows that Lasso has lower FNP and
much higher FDP than FNC-Reg, which agrees with Lasso’s known tendency
of over-selection when p > n. On the other hand, Knockoff has FDP reasonably
controlled at the nominal level of 0.1 but much higher FNP than those of FNC-
Reg and Lasso. In terms of the F-measure that summarizes FNP and FDP,
FNC-Reg seems to outperform the other two methods under different 5, values.

We further illustrate the adaptivity of FNC-Reg to the user-specified control
level of FNP. For various values of €, we calculate the relative frequency of the
event {FNP(¢*(¢)) < e}. Table 2 summarizes the results for different settings
with e = 0.1,0.2,0.3 and 3; = 0.3,0.5,0.7. It can be seen that the relative
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frequency of FNP < e for FNC-Reg increases with 1, which is consistent with
the theoretical insight in Theorem 3.1. On the other hand, for a fixed §;, the
relative frequency of FNP < e and the FDP of FNC-Reg decreases with €, which
agrees with our expectation for FNC-Reg as more liberal control of FNP incurs
less price in false positives. Note that the results of Lasso and Knockoff do not
change with the varying e.

TABLE 2
The relative frequencies of the event {FNP < €} and mean values of FDP from 100
replications for FNC-Reg.

pf1=0.3 B1 =05 B1=0.7
e=0.1 0.2 03 | e=0.1 0.2 03 | e=0.1 02 0.3

1(FNP <¢) 0.38 0.53 0.71 0.72 0.86 0.91 0.98 0.98 0.98
FDP 0.20 0.15 0.09 0.13 0.08 0.05 0.14 0.10 0.07

5. Conclusion and discussion

We propose a new variable selection method, FINC-Reg, to efficiently control
false negatives in linear regression. Different from existing methods and theory
for power analysis and Sure Screening, our procedure directly estimates the FNP
of a decision rule and selects the smallest subset of variables that has the esti-
mated FNP less than a user-specified control level. FNP control is specifically
challenging when relevant variables cannot be consistently separated from irrel-
evant ones due to limited sample size and effect size. We develop new techniques
to analyze FNP control in the challenging setting and to cope with difficulties
caused by the dependence of test statistics.

FNC-Reg possesses two types of adaptivity property. First, it adapts to the
user’s preference level on the control of FNP. When a user can tolerate a less
stringent control on FNP, he or she can input a larger € in the FNC-Reg pro-
cedure and select less variables with less false positives. Secondly, the proposed
method is adaptive to the unknown effect size. Note that the implementation of
the procedure does not requires the information of effect size. Nevertheless, the
result of the procedure automatically improves in both FNP and FDP as effect
size increases.

Our theoretical study presents a weaker condition on pi,,;, for FNP control
by FNC-Reg than the beta-min condition for variable selection consistency. It
is also of interest to understand the result of FNC-Reg if the condition on fimin
may not be satisfied. Assume that among the s signal variables only s; of them
satisfy p; > +/2(y* + ¢) logp for some constant ¢ > 0. Then, similar arguments
as in the proof of Theorem 2.2 can be applied to show that P((1 — d)s; <
§ < (146)s) = 1 for any § > 0. Note that § does not consistently estimate s
anymore, nor is it a consistent estimator for s;. Such § tends to under-estimate
s, which can cause the proposed method to select less variables to capture the
under-estimated number of signals. Because FNC-Reg ranks the test statistics
by their significance and select variables from the top, one can make a statement
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about FNP control for the signals with effect sizes larger than the observed cut-
off position. Such interpretation of results remains valid whether the condition
on fimin holds or not.

Last but not least, we adopt the debiased Lasso estimator as the test statistic
in the paper to demonstrate the new analytic framework of FNP control. We
expect that the proposed framework can incorporate other test statistics in
linear regression and promote further developments in false negative control
based variable selection.

6. Proofs

This section contains the proofs of Theorem 2.1, Theorem 2.2, and Theorem 3.1.
Auxiliary lemmas are provided in the appendices. We will frequently use the
Mill’s ratio, i.e.,

O (z)=at¢(x)(14+0(1) for x — +oo,

without mentioning it at each instance. All arguments will be conditional on
X, and the symbol C denotes a generic, finite constant whose values can be
different at different occurrences.

6.1. Proof of Theorem 2.1

The proof is composed of two parts. The first part assumes & > 7 and the second
part assumes £ < 7).

Consider the first part with £ > 7. It suffices to show s !FP (t¢) = op(1) and
s pe® (—t¢) = o(1) with € > 7. By Mill’s ratio,

sTIp® (~te) < Cp"~¢/\/logp = o(1)
when £ > 7. On the other hand, for a fixed constant a > 0,

as as

The following lemma help quantify the order of P(|z;| > t¢) for j € Iy, and its
proof is provided in Section A.3.

Lemma 6.1. Assume A1) through A3). Define
dp =C (\/glogp/\/ﬁ + min {Sa Smao:} 1ng/\/ﬁ)
for some constant C; > max {1, 2(0s/C’min)71}. Then

|P(w), — &}| > te) — P(w)| > te)] < Cp~td, + Cp~2.
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Recall s = p' =" with 0 < < 1. Then Lemma 6.1 implies

_ Cpo(p*+p*dy+p7?)

P (s7'FP(t¢) > a) e

=o(1),

where the last step is by d, = o(1) under A3) and & > n. Then s~ 'FP (t¢) =
op (1). This justifies the claim of Theorem 2.1 for £ > 7.
Next, we present the second part of the proof with £ < 7. Define

D, = 3_2(1)1_5 —&—pz_g)\l\/smw) log p.

By the order of A; in A2) and condition { > v, D, = o(1). Then it is sufficient
to show

P(s7 |FP(t¢) — 2po®(—t¢)| > /D) — 0.

Perform the decomposition

571 FP(te) — 2po®(—t¢)| 51 |FP(te) — E(FP(te))|

<
+ s HE(FP(te) — 2po®(—t¢))]| .

Then it is sufficient to show

s~ [FP(te) — E(FP(te))| = 0p(1/Dy) (6.1)
and
571 |E(FP(te) — 2po®(—te))| = o(y/Dp). (6.2)

Consider (6.1) first. By Chebyshev’s inequality,

< Var(FP(tg)).

PG FP(1g) ~ E(FP())] > V/Dy) < = 55!

We derive the order of Var(FP(t¢)). By Lemma 6.1, P(|w} —d}| > t¢) = P(|w}| >
te)(1 4+ o(1)) given d, = o(1/+/logp) from A3) and { < n < 1, then direct
calculation gives

Var(FP(t¢)) = Var(FP (t¢))(1 4 o(1)),

where FP./(te) = > jcp, L{jw}|>tey- The following lemma is proved in Sec-
tion A.4.

Lemma 6.2. Assume A1) and A2) and let t¢ = \/281ogp for any & > 0. Then

p —_ —
Var (Zj:1 1{|w}\>ts}> =0 (P 49" M VSmaz) -
The above gives

Var(FP(t¢)) B Var(FP, (te))
s2D, s2D,

(1+0(1)) = o(1),
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so that
P(s7' [FP(t¢) — E(FP(t¢))| > \/D,) — 0.
Next consider (6.2). By Lemma 6.1
sTHE(FP(te) —2p0@(—te))| < 7' Y [P(lw) — 8| > te) — P(lwj] > te))|

j€ly

< C’s*lplfgdp +Cs ipt

Recall s = p'=" and the definitions of d, and D,. Note that d, > slogp/\/n,
then direct calculation gives

s_lpl_gdp =o(\/Dy)

under condition £ > 73, and

S = olyDy)

with £ < n < 1. (6.2) follows consequently. This concludes the second part of
the proof with & < n.

6.2. Proof of Theorem 2.2
First, we have the following lemma showing the order of the bounding sequence
¢, for V¥. The proof is provided in Section A.5.

Lemma 6.3. Assume conditions A1) through A3) in Appendiz A.1. Consider
Vi as in (2.15). Then ¢ at the order of (Smaz/n)*/*logp satisfies P(V; >
cy) =+ 0 asp— oo.

Now, recall F,(t) =p~! 381 1{jz|>1) and define

p
-1
=7 w51}
j=1

Consider the decomposition

(6.3)

>

*
—N

=

~~

f_‘;

»eﬂ

o(t) | Pp(t) —20(t) — cpa (1)
1-2@(@ 1-28(t) ’

where T is defined in (A.10). The first summand within the parentheses on the
right hand side (RHS) of (6.3) can be safely ignored when bounding #*/7 as
asserted by the following Lemma 6.4.

Lemma 6.4. Assume t =t = /2¢logp with & > v*. Then

-1

7 Fp(t) — ()| (1 —20(2)) " = op(1).
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Define _ _ B
#** = max ~ .
teT 1—29(t)
Then it suffices to show
Pl-d<a™/m<1)—1. (6.4)

We first show that 7°* is an asymptotic lower bound of 7. Recall the definition
of Vi as
P Ly ey — 20(1)

Vp = max 5(1)
Since
() <p s+ D Vusn =7+ (L=mpg Y Lijur >0
j€lo VIS )
then
P(#™ > )
1 = * —
< P (I?ea’ﬂ}‘({(l - 7T) (po Zjelo 1{|w;\>t} — 2@(t)) - CpU(t)} > 0)
-1 = * —
< P <I§1€aq§< {Po Zjelo Ljwy >ty — 29(t) — Cpog(t)} > 0)
S P( PTJ > C;;o) 4

where the second inequality follows since cj, is non-decreasing in p and cj(1 —
m)~! > ¢ . However, Lemma 6.3 asserts P(V,; > ¢5 ) — 0. So,

P(#* > m) < P(V} > cf,) = 0. (6.5)

Next, we show that 7** is an asymptotic upper bound of (1 — §)m for any
6> 0. Let FP/ (t) = > ., L{jw; >ty and rewrite

TEP, ().

= s
Bp(t) = = D My +u) >ty +
jeh Po

Since ** > ®,(t) — 2&(t) — ¢;o () for any ¢ € T, then

/ﬁ_**

™

for any any ¢t € T. Now set ¢ in the inequality (6.6) to be

tr = +/27logp with 7 =~" +¢/2, (6.7)
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where 7* is defined in (2.11). We will show that each term on the RHS of (6.6)
is op (1)

Firstly, ¢, = O ((smam/n)1/4 log p) set in Lemma 6.3 implies the last term at
ir

1elG () = O (Smax/n) "/ * log p) = o(1).

The second term 2®(t,) = O(p~" /+/logp) = o(1).
Consider the third term at ¢,. Similar arguments for (2.12) can be applied to

show s71FP.,/(t;) — 2po®(t,)| = op(1). Then

1—m

— |pg "FPuw (t) — 2@(t)| < Cs™HFPyi (tr) — 2po®(t,)| = op(1).

For the first term of (6.6), let Ay (t) = s ! Sien L}, 4wy <ty- Then the
first term is s~* djen Lt >t,y — 1= A1 (t). The following lemma shows
A1 (t;) = op (1), and its proof is provided in Section A.7.

Lemma 6.5. Let Ay (t) = s 30, cp Ly, +w)|<ey and assume

tmin = \/2(v* + ¢) log p.
Then Ay (t;) = op (1) fort, in (6.7).
Thus, we have shown
P(r*™/m—1<—=§) =0 (6.8)

for any 6 > 0. Consequently, (6.4) follows from (6.5) and (6.8).

6.3. Proof of Theorem 3.1

Recall FNP (¢t) = 1 — s7'R(t) + s7'FP(—t) and FNP (t) =1-51R() +
25 1p® (—t) for t > 0. Recall the definition of ¢*(¢) and simplify the notation
by t* = t*(¢). We have the following Lemma 6.6, whose proof is provided in
Section A.8.

Lemma 6.6. Assume fimin > \/2(7* + ¢)logp. If t* satisfies P(t* > t;) — 1
fort. in (6.7), then

IENP(t*) — FNP(t*)| = op(1). (6.9)

Now we aim to show P (¢t* > t,;) — 1. The proof of the following Lemma 6.7
is presented in Section A.9.

Lemma 6.7. Assume fimin > \/2(7* + ¢)logp. Then, fort. in (6.7),

FNP(t,) = op (1). (6.10)



5324 X. J. Jeng and X. Chen

Note that a special case of (6.9) is |F/N\P(tT) —FNP(t;)| = op(1), which holds
when t* is set to be t,. Then (6.10) implies F/I\HD(tT) =op(1l),and P (t* > t,;) —
1 follows from the definition of ¢*. -

On the other hand, the definition of ¢* implies FNP(¢t*) < € almost surely,
then Lemma 6.6 implies P(FNP(t*) < €) — 1 as stated in (3.2).

Next, we show (3.3). Denote
P, () =1- BP0 R, =1 - RO =22
p T*p
By the definition of 7 and 7* and ¢, = ¢, it is easy to see that # > #* and,
consequently,

— —

FNP#(t) > FNPz«(t)
for any ¢t > 0. Denote

t: =sup {t : I:/I\I\ID;r(t) < e} and t:. =sup {t : I:/I\I\P;r*(t) < e} .

Then ¢ < t%. almost surely.

Recall FNP(t%.) < € with probability tending to 1 as stated in (3.2) and the
fact that FNP(¢) is non-decreasing in ¢, then FNP(¢%) < FNP(t%.) < € with
probability tending to 1. Therefore (3.3) holds.

Appendix A: Appendix

The notations we will use throughout the appendices are collected as follows.

1/q
For a matrix M, the g-norm ||M||q = (Zi,j |Mij|q) for ¢ > 0, co-norm
M|, = max; ; [M;;|, and | M|, ., the maximum of the 1-norm of each row of
M. If M is symmetric, o;(M) denotes the ith largest eigenvalue of M.

A.1. Debiased Lasso

The matrix ® € RP*P appearing in the debiased Lasso estimator for 3 in
the main text is obtained as follows. Let X_; denote the matrix obtained by
removing the jth column of X. For each j =1,...,p, let

4, = argmin (nfl Ix; — X_jIl5 + 22 ||’Y||1) (A1)
yeRP !

with components ;. k = 1,...,p and k # j, and define

2 g - X 2y

H/J' |1 :
Then
1 A2 o A
S -4 1 ... A
O=dg (x5

’p

_&p,l _ﬁ/p,Z . 1
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Recall /(b — B) = w — 8, where w ~ N,,(0,5%€) conditional on X. To
quantify the magnitude of d, we adopt and rephrase Theorem 3.13 of [21] for
unknown X as follows. Let ® = X7 s; = [{k #j: @jx # 0}| and sy =

maxi<;<p ;-

A1) Gaussian random design: the rows of X are i.i.d. NV, (0,X) for which X
satisfies:

Ala) maxi<;<p Ejj S 1.

A1b) 0 < Chin < 01(X) < 0y (B) < Chae < o0 for constants Cjy;p and
Omaz

Alc) p(X%,Chs) < p for some constant p > 0, where Cy = 32C 10 C L

mzn
1

Ak)= max Arp) !

p(Ak) = max [ (Are)” ||,

for a square matrix A, [p] = {1,...,p}, Ar ¢ is a sub-matrix formed
by taking entries of A whose row and column indices respectively
form the same subset 7'

A2) Tuning parameters for the Lasso in (2.1), A = 8c+/n~!log p; for nodewise
regression in (A.1), A\; = Ry/n~llogp,j = 1,...,p for a suitably large

universal constant .
A3) Sparsities of 8 and ©: s = o (n/(logp)?), max{s, Smaz} = o(n/logp),
min{s, $;max} = o(y/n/logp).

Lemma A.1. Assume A1) and A2). Then there exist positive constants ¢ and
¢ depending only on Cpin, Cimaz and K such that, for max{s, Sma} < cn/logp,
the probability that

1
ol < c’pg[logp+com1n{s Smaz } (\);;19 (A.2)

— pe=™ — 6p~2. Further, assume AS3), then

—16"'ns 1 Cmin

is at least 1 — 2pe
16]loc = 0p(1).
Note that the above result relaxed the ultra-sparse condition s = o(y/n/logp)
in [34] to s = o (n/(logp)?) as shown in A3).

Recall the standardized debiased Lasso estimate z; = \/ﬁIA)jU_

1 < j < p. Namely, z; = p; +wj — 0}, w) = a\l/uéz— ~ N(0,1), 6 = - 5;}”,
73 73

. A1/2
Hj = a\/j/—g—j] for each j. The aﬂjj/- ’s are refereed to as standardizers. Let §' =

L —1/2
1 i for

~1/2
( i,...,éz’j)T. We quote from [22] some results on O'ij/» for 1 < j < pand
the ||-||;-norms of the covariance matrices for w = (wq,... 7wp)T and w' =
(wi, .. m};)

Lemma A.2. Assume A2) and s,y,a, = o(n/logp). Then | — 27 =
p (1). If further A1b) holds, then ||©@X 1o = Op (A1), both min;<j<, ;; and
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maxi<,;<p §2;; are uniformly bounded (in p) away from 0 and oo with probability
tending to 1, and ’|5'HOO < (0VCrin) 1 ||8]| o, with probability tending to 1.

Lemma A.3. Let K be the correlation matriz of w. Assume A1) and A2).
Then

p2o* QL = Op (My/Smaz)  and || K[y = O(o”(|€2]1). (A.3)

A.2. Hermite polynomials and Mehler expansion

The following is quoted from [22]. Let ¢ (x) = (2m) "2 exp (—2?/2) and

1 22 4+ y? — 2pzy
fo(z,y) = —F—=exp (——

2m/1 — p? 2(1—p?)

for p € (—1,1). For a nonnegative integer k, let Hy, (z) = (—1)"

Ty e 6 (@)
b(x) dz

be the kth Hermite polynomial; see [16] for such a definition. Then Mehler’s
expansion [27] gives

k
< p
foea = (14 X7 Bl @ B0 )s@ow).  (A4)
Further, Lemma 3.1 of [10] asserts
‘e_-’f/QHk (y)’ < CoVE™ Y12 V"/4 for any y € R (A.5)

for some constant Cy > 0.

A.3. Proof of Lemma 6.1

By assumption A3), d, = o(1), s < n/logp, and n > logp. Then Lemma A.1
implies
P(||8]|oc > dp) < 2pe™ "% + pe=" + 6p~2 < Cp 2
where ¢, = Ciin/16. By Lemma A.2 and the definition of d,,, we have
P16l = dy) < Cp2.
Now consider P(|w; — &}| > t¢), which is bounded as follows.

P(wf| > te + |8]) < P(lu; — 8] > te) < P(lus] > tc ).

The rightmost term

Pl >t~ [5)) < Pl > te — 181,18l < dy) + P18 0 > dy)

P(jw)| > te — dy) + Cp~2.

IA A
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On the other hand, the leftmost term

P(lwj| > te +1651) > P(lwj] > te + |05, |0l oo < dp)
> P(lwj] > te + dp, |60 < dp)
= P(lwj] > te + dp) — P(|w)] > te + dp, |0"]|c > dp)
> P(lwj| > te +dp) — P([|6']|oc > dp)
> P(|w)| > te +dy) — Cp~2.

Summing up the above gives
[P, — 8] > te) — P(Juf| > te)| < Co(te)dy +Cp,

and the claim in Lemma 6.1 follows.

A.4. Proof of Lemma 6.2
For i # j, let p;; be the correlation between w; and w; and

Cijg = Cov (1{\w£\§ts}’ 1{|w9|3t5}) :

Then, by Lemma A.2, p;; is also the correlation between w; and w;. Further,

p

p

Var (ijl 1{|w;\>t5}> < Var (1{|w;.|gt£}> +> Cije (A6
j=1 i#j
By Mill’s ratio,
P

2 Var <l{lw9|§ts}> < 2p® (—te) (1 - 22 (~t¢)) = O(p' ). (A7)

Jj=1 '

It is left to bound },,; Cije in (A.6).

Define ¢1 ¢ = —t¢ and co¢ = te. Fix a pair of (4,7) such that ¢ # j and
|pij] # 1. Now we will use the results in Section A.2. Since Cjj¢ is finite and
the series in Mehler’s expansion in (A.4) as a trivariate function of (z,y, p) is
uniformly convergent on each compact set of R x R x (—1, 1) as justified by [36],
we can interchange the order of the summation and integration and obtain

Co¢ Ca¢ C2.¢ C2.¢
Cuc = [ [ g ety — [ o [ oty
015 c1 C1,¢ C1,¢

L] / H(@)d@)de [ Hily)dly)dy.

C1,¢

Since Hy—1 (z) ¢ (z) = ffoo Hy, (y) ¢ (y) dy for x € R, then

0 k

Cije = Z %j [Hi—1(c2,6)d(cae) — Hioi(c1,e)p(ce)]”

k=1
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o0

<oy

k=1

Inequality (A.5) implies, for some finite constant Cy > 0,

[Hi 1 (coe) ¢ (cae)]® + [Hio1 (cre) ¢ (cre)]* < C2(k —1)!(k — 1)~ /0 1/2,

Therefore,

’Z#jcij,&‘ < C Z "0”|Zk 7/6‘10 |k 1 ,—t3/2

1k
Pl L s (02,006 (en )+ [Hion (e1.0) 6 (en )}

1<i<j<p
< Opt Y oyl =00 K ]). (A.8)
1<i<j<p
Combining (A.6) with (A.7) and (A.8) gives
P _ A
Var (Zj:1 ursiey) = OB+ 0@ ¢IK]h)

= O(pl—ﬁ) + O(p2—§/\1 V4 Sma:v);
where the last inequality follows from Lemma A.3, i.e., ||K|| 1= Op(P* \1\/Smaz)-

A.5. Proof of Lemma 6.3

Recall

)= /200 (1-20(0), HO = @) (P D) Liuyisn —200).

Then E(H(t)) = 0 since w’; ~ N1(0,1) for all j.
For any t¢ = /2§ logp such that lim,_,., t¢ = co, Lemma 6.2 implies

o _ p
Val’(HC(tg)) = p 20p2(t5)Var (ijl 1{|w;|>t§})

< COp*?/logp (pl"E +p2_5\/10gp\/8ma$/n>
=0 (\/mlogp) : (A.9)
Let
= {\/7'0 log p, /1 logp} NN (A.10)

for which 0 < 79 < 71. So, each t € T can be written as t = t; = /2&log p for
some { > 0 and lim, o t¢ = 00. Recall V; = max{H(t) : t € T}. Therefore,
(A.9) implies

PVi>e) < C() \/@I?Ga%Vaf (H(®))
< C (C;)_Q : (10gp)3/2 “\/ Smaz /M-

However, c; = O ((smam/n)1/4 logp). Thus, P(V; > c¢;) = o(1) as desired.
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A.6. Proof of Lemma 6.4

Since maxer (1 — 2<I>(t)) > 4! for all p sufficiently large. It suffices to show
T Fp(t) — ®p(t)| = op(1) (A.11)
for t =t = v/2¢log p with £ > v*. Perform the decomposition
[Fp(t) = @p(t)] < [Fp(t) — B(Fp(1))]
+ | 2p(t) = E(®p(1)] + [E(E(1) — E(@y(1))] -
Similar arguments for (6.1) can be applied to show
T Fy(t) — E(Ep(1)] = 0p(1) = 77 [y (1) — E(@,(1))],
and similar arguments for (6.2) imply
7 E(F () — E(y(t))] = o(1).
Summing up the above gives (A.11).

A.7. Proof of Lemma 6.5

We will show A; (t;) = op (1). Fix a constant a > 0,

1 1
<= E ; 1< <= ; <
P (A1 (t;) >a) < as £ P(|ﬂj+w3|—t7) = aIJIlea})lcp(|ﬂj+wj| <tr)
(A.12)
and for each j € I

P(lpj+wjl <tr) =1=®(tr — pj) = @ (~t; — 1), (A.13)

We only need to uniformly bound the RHS of (A.13).
Recall fmin = minjer, v/n|Bjl 07 /2;; and fmin > 1/2(7* + ¢) log p. Let

Hmin = V/ 2r Ing,

then r > 7 4 ¢/2. Further, by Lemma A.2, the ratio .,/ minjey, |p;] is uni-
formly bounded (in p) away from 0 and co. Then, two cases happen for each
j € Ii: (i) both t; — u; = —oo and —t, — p; = —oo when p; > 0; (b) both
t; — puj — +oo and —t, — p; — 400 when p; < 0. However, in either case,

minmin {{t — ], | =tz — 5[} = v/2¢logp,
where ¢ = 27! (\/m - \/Z)2 > (. Therefore,
max P (| +wj| <) < 49 (V2e10gp) =0 (7). (A.14)
Combining (A.14) with (A.12) gives

P(Ai(t;)>a)<a 'O (p ) =0(1),

which is the desired claim on A; (¢,).
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A.8. Proof of Lemma 6.6

Recall FNP (t)=1—-5"1(R(t)—2(p—3)®(—t)). We only need to show

|sT (R (1) —FP (t*)) — 57" (R(t*) — 2(p — 8)® (—t"))]
< |TP@) (s7' =871+ |87 (FP (t*) — 2po® (—t¥)| (A.15)
+ |257'®(—t")(p— 8 —po)| = op(1).

Since fmin > /2(7* + ¢) log p, then Theorem 2.2 implies

P(1-6<ss'<1)—1 (A.16)

for any § > 0. Let §' = 1%6. Then, (A.16) is equivalent to
P (O <5 lt-sl< 5'8_1) - 1.

Pick a 6 > 0 such that § < . Then § < 1 and §'s7ITP (t*) < a almost surely.
Therefore,

(ITPE) (s =571)[ >a)

(TP@) (s~ =5 ")|>a,|s7 =571 <ds7h)
(

(

IN + A
S Y v v

i.e., the first term in (A.15) = op(1). The remaining two terms in (A.15) are
also of op(1) by (A.16) and Theorem 2.1. This concludes the proof.

A.9. Proof of Lemma 6.7

Recall Ay (t) = 57130 cp, L{jpy+w) <ty Lemma 6.5 implies Ay (t7) = op (1),
given fmin > v/2(v* + ¢) log p. Now we show FNP(¢;) = op (1). Clearly,

1
P (FNP(t;) > a) < - IjIg}fP (Ipg + wf + 85 < 7).
However, max;<;<jp |05 = op (1) and w’; ~ N1(0,1) for each j together imply
max | P (Ju; +wj + 8| < tr) = P (lu; + wj S tr)[ =o0(1).

Combining the above with (A.14) gives maxjer, P (|u; + wj + 65| <t-) = o(1),
and FNP(t;) = op (1) holds.



False negative control in regression 5331

References

1]

Arias-Castro, E., E. J. Cand’s, and Y. Plan (2011). Global testing under
sparse alternatives: Anova, multiple comparisons and the higher criticism.
Ann. Statist. 39(5), 2533-2556. MR2906877

Arias-Castro, E. and A. Ying (2019). Detection of sparse mixtures:
Higher criticism and scan statistic. Electron. J. Statist. 13(1), 208-230.
MR3899951

Barber, R. F. and E. J. Candes (2015). Controlling the false discovery rate
via knockoffs. Ann. Statist. 43(5), 2055-2085. MR3375876

Bogdan, M., E. Van Den Berg, C. Sabatti, W. Su, and E. J. Candes
(2015). Slope—adaptive variable selection via convex optimization. Ann.
Appl. Stat. 9(3), 1103-1140. MR3418717

Biithlmann, P. and S. van de Geer (2011). Statistics for High-Dimensional
Data Methods, Theory and Applications. Springer. MR2807761

Cai, T. T. and Z. Guo (2017). Confidence intervals for high-dimensional
linear regression: Minimax rates and adaptivity. Ann. Statist. 45(2), 615
646. MR3650395

Cai, T. T., X. J. Jeng, and J. Jin (2011). Optimal detection of heterogeneous
and heteroscedastic mixtures. J. R. Statist. Soc. Ser. B 73(5), 629-662.
MR2867452

Cai, T. T., W. Liu, and H. H. Zhou (2016, 04). Estimating sparse preci-
sion matrix: Optimal rates of convergence and adaptive estimation. Ann.
Statist. 44(2), 455-488. MR3476606

Candes, E., Y. Fan, L. Janson, and J. Lv (2018). Panning for gold: Model-x
knockoffs for high dimensional controlled variable selection. J. R. Statist.
Soc. Ser. B 80(3), 551-577. MR3798878

Chen, X. and R. Doerge (2016). A strong law of large numbers related to
multiple testing normal means. arXiv:1410.4276v3.

Dezeure, R., P. Biithlmann, L. Meier, and N. Meinshausen (2015). High-
dimensional inference: Confidence intervals, p-values and r-software hdi.
Statist. Sci. 30(4), 533-558. MR3432840

Donoho, D. and J. Jin (2004). Higher criticism for detecting sparse hetero-
geneous mixtures. Ann. Statist., 962-994. MR2065195

Fan, J., X. Han, and W. Gu (2012). Estimating false discovery proportion
under arbitrary covariance dependence. J. Amer. Statist. Assoc. 107(499),
1019-1035. MR3010887

Fan, J. and J. Lv (2008). Sure independence screening for ultrahigh dimen-
sional feature space. J. R. Statist. Soc. Ser. B 70(5), 849-911. MR2530322
Fan, J. and J. Lv (2010). A selective overview of variable selection in high
dimensional feature space. Statistica Sinica 20(1), 101-148. MR2640659
Feller, W. (1971). An Introduction to Probability Theory and its Applica-
tions, Volume II. Wiley, NewYork, NY. MR0270403

G’sell, M., S. Wager, A. Chouldechova, and R. Tibshirani (2016). Sequential
selection procedures and false discovery rate control. J. R. Statist. Soc. Ser.
B 78(2), 423-444. MR3454203


http://www.ams.org/mathscinet-getitem?mr=2906877
http://www.ams.org/mathscinet-getitem?mr=3899951
http://www.ams.org/mathscinet-getitem?mr=3375876
http://www.ams.org/mathscinet-getitem?mr=3418717
http://www.ams.org/mathscinet-getitem?mr=2807761
http://www.ams.org/mathscinet-getitem?mr=3650395
http://www.ams.org/mathscinet-getitem?mr=2867452
http://www.ams.org/mathscinet-getitem?mr=3476606
http://www.ams.org/mathscinet-getitem?mr=3798878
https://arxiv.org/abs/arXiv:1410.4276v3
http://www.ams.org/mathscinet-getitem?mr=3432840
http://www.ams.org/mathscinet-getitem?mr=2065195
http://www.ams.org/mathscinet-getitem?mr=3010887
http://www.ams.org/mathscinet-getitem?mr=2530322
http://www.ams.org/mathscinet-getitem?mr=2640659
http://www.ams.org/mathscinet-getitem?mr=0270403
http://www.ams.org/mathscinet-getitem?mr=3454203

5332
(18]

[19]

X. J. Jeng and X. Chen

Hall, P. and J. Jin (2008). Properties of higher criticism under strong de-
pendence. Ann. Statist. 36(1), 381-402. MR2387976

Javanmard, A. and A. Montanari (2013). Model selection for high-
dimensional regression under the generalized irrepresentability condition.
In Advances in neural information processing systems, pp. 3012-3020.
MR3265038

Javanmard, A. and A. Montanari (2014). Confidence intervals and hypoth-
esis testing for high-dimensional regression. J. Mach. Learn. Res. 15(1),
2869-2909. MR3277152

Javanmard, A. and A. Montanari (2018). Debiasing the lasso: Optimal sam-
ple size for gaussian designs. Ann. Statist. 46(6A), 2593-2622. MR3851749
Jeng, X. J. and X. Chen (2019). Predictor ranking and false discovery pro-
portion control in high-dimensional regression. J. Multivariate Anal. 171,
163-175. MR3892907

Ji, P. and J. Jin (2012). Ups delivers optimal phase diagram in high-
dimensional variable selection. Ann. Statist. 40(1), 73-103. MR3013180
Ji, P. and Z. Zhao (2014). Rate optimal multiple testing procedure in high-
dimensional regression. arXiv:1404.2961.

Liu, Z., V. J. Berrocal, A. J. Bartsch, and T. D. Johnson (2016). Pre-
surgical fmri data analysis using a spatially adaptive conditionally autore-
gressive model. Bayesian analysis (Online) 11(2), 599. MR3472004
Loring, D., K. Meador, J. D. Allison, J. Pillai, T. Lavin, G. P. Lee, A. Balan,
and V. Dave (2002). Now you see it, now you don’t: statistical and method-
ological considerations in fmri. Epilepsy € Behavior 3(6), 539-547.
Mehler, G. F. (1866). Ueber die entwicklung einer funktion von beliebeg
vielen variablen nach laplaceschen funktionen hoherer ordnung. J. Reine
Angew. Math. 66, 161-176. MR1579340

Meinshausen, N. and P. Bithlmann (2006). High-dimensional graphs
and variable selection with the lasso. Ann. Statist. 34(3), 1436-1462.
MR2278363

Meinshausen, N. and J. Rice (2006). Estimating the proportion of false
null hypotheses among a large number of independently tested hypotheses.
Ann. Statist. 34 (1), 373-393. MR2275246

Powers, D. (2011). Evaluation: From precision, recall and f-measure to roc,
informedness, markedness and correlation. J. of Machine Learning Tech-
nologies 2(1), 37-63.

Silva, M., A. See, W. Essayed, A. Golby, and Y. Tie (2018). Challenges and
techniques for presurgical brain mapping with functional mri. NeuroImage:
Clinical 17, 794-803.

Su, W. and E. Candés (2016). Slope is adaptive to unknown sparsity and
asymptotically minimax. Ann. Statist. 44, 1038-1068. MR3485953
Tibshirani, R. (1996). Regression shrinkage and selection via the Lasso. J.
R. Statist. Soc. Ser. B 58(1), 267-288. MR1379242

van de Geer, S., P. Bithlmann, Y. Ritov, and R. Dezeure (2014). On asymp-
totically optimal confidence regions and tests for high-dimensional models.
Ann. Statist. 42(3), 1166-1202. MR3224285


http://www.ams.org/mathscinet-getitem?mr=2387976
http://www.ams.org/mathscinet-getitem?mr=3265038
http://www.ams.org/mathscinet-getitem?mr=3277152
http://www.ams.org/mathscinet-getitem?mr=3851749
http://www.ams.org/mathscinet-getitem?mr=3892907
http://www.ams.org/mathscinet-getitem?mr=3013180
https://arxiv.org/abs/arXiv:1404.2961
http://www.ams.org/mathscinet-getitem?mr=3472004
http://www.ams.org/mathscinet-getitem?mr=1579340
http://www.ams.org/mathscinet-getitem?mr=2278363
http://www.ams.org/mathscinet-getitem?mr=2275246
http://www.ams.org/mathscinet-getitem?mr=3485953
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=3224285

[35]

[36]

[37]

[38]

False negative control in regression 5333

Wainwright, M. J. (2009). Sharp thresholds for high-dimensional and
noisy sparsity recovery using l1-constrained quadratic programming (lasso).
IEEFE Trans. Inf. Theory 55(5), 2183-2202. MR2729873

Watson, G. N. (1933). Notes on generating functions of polynomials: (2)
hermite polynomials. J. Lond. Math. Soc. s1-8(3), 194-199. MR1574123
Zhang, C.-H. and S. S. Zhang (2014). Confidence intervals for low dimen-
sional parameters in high dimensional linear models. J. R. Statist. Soc. Ser.
B 76(1), 217-242. MR3153940

Zhang, X. and G. Cheng (2017). Simultaneous inference for high-
dimensional linear models. J. Amer. Statist. Assoc. 112(518), 757-768.
MR3671768


http://www.ams.org/mathscinet-getitem?mr=2729873
http://www.ams.org/mathscinet-getitem?mr=1574123
http://www.ams.org/mathscinet-getitem?mr=3153940
http://www.ams.org/mathscinet-getitem?mr=3671768

	Introduction
	False negative proportion estimation
	Test statistics based on debiased Lasso estimates
	Approximating false negative proportion

	FNP control at a user-specified level
	The FNC-Reg procedure
	Numerical implementation of FNC-Reg

	Numerical analysis
	Estimating s
	FNP control

	Conclusion and discussion
	Proofs
	Proof of Theorem 2.1
	Proof of Theorem 2.2
	Proof of Theorem 3.1

	Appendix
	Debiased Lasso
	Hermite polynomials and Mehler expansion
	Proof of Lemma 6.1
	Proof of Lemma 6.2
	Proof of Lemma 6.3
	Proof of Lemma 6.4
	Proof of Lemma 6.5
	Proof of Lemma 6.6
	Proof of Lemma 6.7

	References

