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In Barber & Candes (2015, Ann. Statist., 43, 2055-2085), the authors introduced a new variable selection
procedure called the knockoff filter to control the false discovery rate (FDR) and proved that this method
achieves exact FDR control. Inspired by the work by Barber & Candes (2015, Ann. Statist., 43, 2055—
2085), we propose a pseudo knockoff filter that inherits some advantages of the original knockoff filter
and has more flexibility in constructing its knockoff matrix. Moreover, we perform a number of numerical
experiments that seem to suggest that the pseudo knockoff filter with the half Lasso statistic has FDR
control and offers more power than the original knockoff filter with the Lasso Path or the half Lasso
statistic for the numerical examples that we consider in this paper. Although we cannot establish rigourous
FDR control for the pseudo knockoff filter, we provide some partial analysis of the pseudo knockoft filter
with the half Lasso statistic and establish a uniform false discovery proportion bound and an expectation
inequality.

Keywords: knockoft filter; feature selection; FDR control; correlated features.

1. Introduction

In many applications, we need to study a statistical model that consists of a response variable and a
large number of potential explanatory variables and determine which variables are truly associated with
the response. In [1], Barber and Candes introduce the knockoff filter to control the false discovery rate
(FDR) in a statistical linear model. More specifically, the knockoff filter constructs knockoff variables
that mimic the correlation structure of the true feature variables to obtain exact FDR control in finite
sample settings. It has been demonstrated that this method has more power than existing selection rules
when the proportion of null variables is high.

1.1 A brief review of the knockoff filter

Consider the following linear regression model y = X8 + ¢ where the feature matrix X is an n X p
(n > 2p) matrix with full rank, its columns have been normalized to be unit vectors in the 12 norm and €
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is a Gaussian noise N(0, o21,,). The knockoff filter begins with the construction of a knockoff matrix X
that obeys

XTx =xTx, X'x =Xx"X — diag(s), (1)

where s; € [0,1],i = 1,2,...,p. The positive definiteness of the Gram matrix [X}?]T[Xff] requires
diag(s) < 2X7X. )

The first condition in (1) ensures that X has the same covariance structure as the original feature matrix
X. The second condition in (1) guarantees that the correlations between distinct original and knockoff
variables are the same as those between the original variables. The power (the expected proportion
of true discoveries) of the knockoff filter depends critically on the value of s;. A general guideline in
constructing the knockoff matrix is to choose s; as large as possible to maximize the difference between
X; and its knockoff X;. Next, we choose a statistic, W, for each pair X;, X; by using the Gram matrix
[X X17[XX] and the marginal correlation [X )?]Ty. In addition, W; satisfies a flip-coin property that
swapping arbitrary pair Xj,f(j only changes the sign of W;, but keeps the sign of other W; (i # j)
unchanged. The construction of the knockoff features and the symmetry of the test statistic ensure that
the signs of the W;’s are i.i.d. random for the ‘null hypotheses’. This property plays a crucial role in
obtaining exact FDR control by using a supermartingale argument.

One of the knockoff statistics considered in [1] is the Lasso path statistic, which is defined as W; =
max(Z;, Zj) - sign(Z; — Zj), where Z; and Z] are the solutions of the Lasso path problem given below:

A ~ 1 -~ -
(B, B(1)) = argmin § —|ly = Xb = XbII3 + (bl + ||b||1)} :
(b,b)

Zj = sup {k : ﬁj(k) #* 0}, Z] = sup {k : ,3}()») # O}.

If X; is a non-null, it has a non-trivial effect on y and should enter the model earlier than its knockoff
)~(j, resulting in a positive W;. A large positive W; implies that there is a high probability that the variable
J is a non-null. This consideration suggests that we select the variable j with positive W; larger than a
data-dependent threshold 7, SL {j : W; > T}, where T is defined below

L+ #j W< —1)

T2minlr>0: - <gq
#Hj:Wi>tvl

3

The false discovery proportion (FDP) of the knockoff filter and its estimate at threshold ¢ are given by

#Jj: W > 1& B =0)
#Hj:Wi>vi

L+#{j: W, < —1}
#j:Wy>pv1’

FDP(t) £ , FDP(t) 2 )

The FDR is the expectation of FDP. The i.i.d. signs for the null W; enable one to construct a
supermartingale M; with respect to an appropriate backward filtration ; such that

FDPO MWz t&B=00 s pogi o) ©)
FDPG) 1+ # W <—1&p=0] " -
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The threshold T defined in (3) gives a stopping time. Using the definition of T and the stopping time
theorem, the authors in [1] obtained E [FDP(T)/q] < E [FDP(T)/FDP(T)] < E[M7] < 1. The main

result in [1] is that the knockoff procedure controls the FDR
FDR £ E[FDP(T)] < q.

In a subsequent paper [2], Barber and Candes developed a framework for high-dimensional linear
model with p > n. The knockoff filter has been further generalized to the model-free framework in
[5]. The model-free knockoffs provide valid inference from finite samples in settings in which the
conditional distribution of the response is arbitrary and completely unknown. This research has inspired
a number of follow-up works, such as [6,7,9,17,18]. There are several other feature selection methods
that offer some level of FDR control (e.g. [3,4,8,12—15]). We refer to [1] for a thorough comparison
between the knockoff filter and these other approaches.

1.2 Pseudo knockoff filter

In this paper, we propose a pseudo knockoff filter that inherits some advantages of the original knockoff
filter and have greater flexibility in constructing their pseudo knockoff matrix. The first condition that
we impose on the pseudo knockoff matrix is the following orthogonality condition:

X+XTx-X =0. (6)

It can be shown that this condition is equivalent to X’ X = XX, X7X = X"X.

We consider three classes of pseudo knockoffs that have different additional constraint. For the first
class of pseudo knockoff filters, the pseudo knockoff matrix X is chosen to be orthogonal to X, i.e.
XTX = XTX = 0. We call this pseudo knockoff the orthogonal pseudo knockoff. It maximizes the
difference between the pseudo knockoff matrix X and its original design matrix X. The orthogonality
condition makes X; and its knockoff orthogonal regardless of the correlation structure of X.

The second class of pseudo knockoff filters is called the block diagonal pseudo knockoff. We begin
by constructing a block diagonal matrix B that satisfies the property B = X ~!. We can then solve for X
from the relationship B = 4[(X — X)(X — X)]~! where B = 2diag(S|;', S5, » - - -, Si;}). The condition
(6) and 4[(X — X)T(X — X)]™! = 2diag(S|;', S5 » - ., Si') imply that

xX'x = XTX, XT'x —xTX = diag(S11, 522, - - - » Skk)-

We construct B by adapting it to the structure of X. One of the guiding principles is to make it as
small as possible so that we maximize the difference between X and X.

The third class of the pseudo knockoff filter is called the general pseudo knockoff by constructing
B whose principal submatrices are diagonal. The construction is similar to the case when B is a block
diagonal matrix.

1.3 A half Lasso statistic

We propose to use a half-penalized method to construct the statistics of our pseudo knockoff filter.
More specifically, the pseudo knockoff statistic is based on the solution of the following half-penalized

Downl oaded from https://academ c. oup. conti mai ai / advance-articl e-abstract/doi/10.1093/i mai ai /i ay012/ 5054618

by guest
on 18 July 2018



4

optimization problem

! A e N
min —|ly = XB = XBII5 + P(B + B, ™
B.B
where P(x) is an even non-negative and non-decreasing function in each coordinate of x. An important
consequence of the orthogonality condition (6) is that we can reformulate the half-penalized problem
into two sub-problems equivalently

2 2

X+X
2

S Cl1lx-Xx
+P(B+B) +minq = —

1 A ~ P A ~ A
min { > (B"+B" =5 -F) > (B =B =B =)
B+ b5

)

2 2

®)

where ,éls and B are the least-squares coefficients by regressing y on the augmented feature matrix
[X, X]. If we choose P = A|| - || /1, we obtain a half Lasso method. We will mainly focus on the half
Lasso statistic in this paper. Once we solve the half-penalized problem, we can construct the pseudo
knockoff statistic as follows:

W; 2 (B + ) - sign(B; — Bj) or W; = max (IB;1, 1;1) - sign(18;1 — 15;1).

We then apply a procedure similar to the knockoff filter (3) to select features.

We have carried out a number of numerical experiments for different design matrices with various
correlation structures to test the performance of the three classes of pseudo knockoff filters and compare
their performance with that of the knockoff filter. For the examples that we consider in this paper,
our numerical experiments indicate that all three classes of pseudo knockoff filters with the half Lasso
statistic have FDR control. Moreover, the orthogonal and the general pseudo knockoff filter seem to
offer more power than that of the knockoff filter with the Lasso Path or the half Lasso statistic, especially
when the features are highly correlated.

1.4 Uniform FDP bounds

There has been some recent progress in obtaining uniform FDP bounds in [10,11]. Using (3), (4) and
(5), we can divide the control of FDR into three steps. First of all, we construct an estimate of FDP.
We then choose a data-dependent threshold T that achieves some adaptivity. The final step is to obtain
an estimate for E[FDP(T) /Fﬁ'ﬁ)] for this adaptive threshold, 7. In [10], the authors showed that the
above strategy of controlling FDR provides a general strategy for a variety of existing procedures that
offer FDR control under some assumptions. In [11], the authors established a uniform bound across all
possible threshold for the knockoff filter

FDP(1) #Hj: W >t& B =0}
E|sup——| < E|sup - < 1.93. )
~0 FDP(r) 0 1 +#{j: W < —1& Bj =0}

In [10], the above uniform FDP bounds are established for several FDR procedures under some
independence assumption similar to the i.i.d. signs for the nulls in the knockoff filter.

Inspired by the work of [10,11], we establish a uniform FDP bound under an assumption weaker
than the independence assumption on the conditional distribution of the statistic W. Specifically, we
prove the following theorem.
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THEOREM 1.1 Let F be a o field that satisfies the following: (a) |W;| is F measurable for all null i;
(b) conditional on F, Ws, can be divided into m groups C1, Ca, ..., C,, (C; C Sp) such that the elements
of sign(Wc;) are mutually independent with P(sign(W;) = 1) = P(sign(W;) = —1) = 1/2forj € C;.
For any ¢ > 0, we have

<1. (10)

#HjeSo: W >t} F
#HjeSo: W, <—t}+m

. . d ..
Moreover, if Wg, further satisfies Ws, = —W;, conditional on F, we have

#{jeSo:W; >t
E|:sup HieSo: Wiz 1) ']-‘}53.9. (11)
=0 Hj€So: W; < —t}+m

Although Theorem 1.1 does not provide FDR control for the pseudo knockoff filter, it provides
some partial understanding of the pseudo knockoff filter. For the block diagonal and the general
pseudo knockoff filters, we verify that the pseudo knockoff statistic W; satisfies the assumption in
Theorem 1.1 for some appropriate ¢ field F. For the orthogonal pseudo knockoff filter, the pseudo
knockoff statistic W; does not satisfy the assumption in Theorem 1.1. To gain some understanding of the
orthogonal pseudo knockoff filter, we obtain a relatively tight upper bound for the distribution function
of ﬁﬁo—v@ for fixed r when X! is diagonally dominated or when X ~! has some special structure.

The rest of the paper is organized as follows. In Section 2, we introduce the three classes of pseudo
knockoff filters and discuss some essential properties of the pseudo knockoff filters. In Section 3, we
present a number of numerical experiments to demonstrate the effectiveness of the proposed methods.
In Section 4.1, we prove (10) and outline the proof of (11) in Theorem 1.1. In Section 4.2, we provide
some partial analysis of the orthogonal pseudo knockoff filter.

2. A pseudo knockoff filter

In this section, we describe how to construct the three classes of pseudo knockoff filters and the half
Lasso statistic. We will also discuss some of the essential properties of these pseudo knockoff filters and
the half Lasso statistic.

2.1 The Basic constraint and a symmetry property

Given a design matrix X € R"*? with n > 2p, the basic constraint of the pseudo knockoff matrix is
given by

X'x=x"x, x"x=Xx"x. (12)

We can prove that (12) and (6) are equivalent. It is obvious that (12) implies (6). If (6) holds, we have
XTx — X"X = XTX — XTX. Note that the right-hand side is a symmetric matrix, while the left-hand
side is a skew-symmetric matrix. It follows that X”X — X”X is symmetric and skew-symmetric. Thus
we must have X’ X — XTX = 0, which further implies X7 X — X7X = 0. These two equations establish
(12). The orthogonality condition (6) is the foundation of the pseudo knockoff filter, and leads to the
conditional independence between the amplitude of the null statistic |Ws,| and its sign sign(Ws,).
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Least-squares coefficients. Consider the least-squares coefficients (8", Bl‘i) of regressing y on the
augmented design matrix [X X]. It is easy to obtain that (B" + B, B5 — BY) are the least-squares

coefficients of regressing y = X + ¢ on )%? }%] Using the orthogonality condition (6), we have a

simple expression of the least-squares coefficients,

r T . 577! T
R . X+X\' X+X X+X\)' .
IBIS + ,BZ‘Y -B ( 2 ) 2 i| ( 2 ) A e®
Als _ Als _ =l r . _3-1 N = _o ) (13)
B* —B" —B x-x\' x-x x=x\" €
2 2 7 ) €
The above relationship will be used repeatedly throughout the paper. Denote
NP =p eV s 20— pl = p 1. (14)

From the orthogonality property (6), we know that ()%?) Tcand (%) " ¢ have independent multivariate

normal distributions. Using (13), we know that €V and €¢®, n = ﬁ“ + BB and & = ,313 — B are also
independent.

The pseudo-knockoff statistics and their properties. According to (8), we can solve B+,§ and ,3 —B
in the half-penalized problem (7) separately. Thus the solution can be expressed as

B+B=rB"+p)=f). B-p=p"-p"=¢ (15)
for some function f : R — RP. We construct the pseudo knockoff statistic as follows:
W; £ (B + By - sign(B; — By or W; £ max (181, 181) - sign (181 — 14)1). (16)
The pseudo knockoff statistic satisfies the following two properties.

Amplitude property. The amplitude of W is determined by 8 + 8 = f(n) and |8 — B| = |£|.
In fact, using the definition of W and (15), we have

N P s
Wl =1B8+Bl=If(m| or IWIZIﬂIVIﬂI=5(Iﬂ+ﬂ+|ﬂ—ﬂ|lVlﬂ+ﬂ—|ﬁ—ﬁll)-

Sign property. The sign of W is determined by sign(ﬁ + p) and sign(é — B). Since sign(|;§| —18) =
sign(|;§|2 — |B%), for both definitions of W, we have

sign(W) = sign(B + B) - sign(B — ) = sign(f(n)) - sign(é).

Now we show that the pseudo-knockoff statistic satisfies a symmetry property.
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ProrosiTiOoN 2.1 Conditional on n, we have Wy, 4 —Ws,, where Sy XE Bj = 0} and the pseudo

knockoff statistic W; is defined in (16). Consequently, for any threshold ¢ > 0, we have

#j:B=0 and W; >} L#{j:8=0 and W< —1}. (17)
Proof. According to (14) and (15), the solution of the half-penalized problem can be expressed as
B+h=fa=f(p+eV). p-B=5=p+c?.

Next, we replace (e, @) by (1), —¢@) to generate a new pair of solutions (87", 8""). From
(14), changing €® to —e® does not change 7. Thus, we obtain

~

Bnew + B’new =f() = B + B" prev — B’new =B- @

The amplitude and sign properties of W imply |W§’(‘;W| = |Ws,| and

sign(W5e") = sign((f(n))s, - (—eP)sy) = —sign((f()s, - (€P)s5y) = —sign(Ws).

Hence W = —Wy,.

Recall that Wg, is generated by €D, €@ and that €, € have independent multivariate normal
distributions with zero mean. Conditional on 7 (or equivalently € 1)), we have

(€M, @) L (D, —e@) — Wy, £ Wi = —w,.

(17) is a direct result of Wy, 4 —Ws,. U

A half Lasso statistic. We assume that n > 2p and choose P(x) = A||x||; in (7) to obtain a half Lasso
optimization problem:

1 P n -
?glzlly—Xﬂ—XﬁI|§+/\II/3+/3II1- (18)

We then define the pseudo knockoff statistic according to (16). It satisfies the symmetry property in
Proposition 2.1. We have conducted many simulations with different design matrices and signal sparsity,
and found that the half Lasso statistic offers robust performance when the tuning parameter A is of the
same order as the noise level. Thus we can choose the tuning parameter A by A = u||U”y||2//n — 2p,
where U € R™"=2P) ig an orthonormal matrix such that [Xf( 17U = 0. In fact, U Ty is exactly the residue
of regressing y onto [X X]. From our numerical study, we also observe that the power of the half Lasso
statistic is not very sensitive to u for a small range of u centred at © = 1, and the numerical results
seem to suggest that . = 0.75 is among the optimal choice. Thus we choose A = 0.75||UTy||2/~/n — 2p
as the default tuning parameter. One can verify the symmetry property of the pseudo knockoff statistic
using a similar argument.
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2.2 Construction of the pseudo-knockoff matrix

In the previous subsection, we described the basic constraint (12) for the pseudo knockoff matrix. In this
subsection, we impose an additional constraint on X so that we can obtain another important property
for the pseudo knockoff statistic. In particular, we are interested in three classes of pseudo knockoff
matrices, namely the orthogonal, the block diagonal and the general pseudo knockoff matrices.

From (13) and (14), we know that the covariance matrix of € ®, or equivalently £, is given by

B24x-%Tx-%]". (19)

We can design B in such a way that we obtain some special correlation structure on £. To increase the
power of the pseudo knockoff filter, we would like to construct X such that the difference between )~(j
and X; is large. Since ||X; — 5(j||% = ((B/4)_1)jj, we aim to design B as small as possible. Due to the
existing constraint (12) or (6), the covariance matrix B cannot be chosen arbitrarily. We give a necessary
and sufficient condition on B to find X that satisfies (6) and (19).

Necessary condition on B. Assume that there exists some X that satisfies (6) and (19), and X — X has
full rank. Performing singular value decomposition (SVD) on (X — 5() /2, we have (X — 5() /2 = PM~!
for some orthonormal matrix P € R"*” and some invertible matrix M € RP*P. As a result, we get
B = [(PM HT(®PM )]~ = MM7 and X = X — 2PM~!. Substituting the last equation into the
orthogonal condition (X + X)T(X — X) = 0 (see (6)), we obtain

4X-=PMHY'PM'=0 — MM !'=MTP'x

— M!'=PTx = B=x"PPTX)"".
Since P € R"*? is orthonormal, we have
X'PPTx < X'Ix=X"X=Y = B=X'PP'X)~'»x"1. (20)
Sufficiency. If B satisfies (20), we have B — X —1 » (0 and we can construct X as follows:
X=X1-2x"'B7 " +2U0CB7!, (21)

where C € R”Xf’ satisfies CTC = B — ¥ ~! and U € R™*? is an orthonormal matrix with UTX = 0. We
will show that X constructed from (21) satisfies (6) and (19) in the end of Appendix A.

2.2.1 An orthogonal construction The simplest construction is to choose B = 2X !, which is
equivalent to the following:

X'x=X"x, x'X=X"x=0. (22)

We call this special pseudo knockoff the orthogonal pseudo knockoff since X and X are orthogonal.
To construct an orthogonal pseudo knockoff matrix X, we first find the SVD of X € R™? : X =
UDbvT, U € Orth"™P, D = diag{o1,...,0,} and V e Orth’*P. We then choose any orthonormal
matrix W € R™P, whose column space is orthogonal to that of X (i.e. XTw = 0), and construct the
pseudo knockoff matrix X as X = WDV It is easy to verify that X satisfies (22).
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2.2.2 A block diagonal construction A Block Diagonal Construction. Consider a block diagonal
matrix B = 2diag(Sl_ll,S2_21,...,S,;{l), where Sj;s are invertible matrices. The constraint on B is
equivalent to

2B~ = diag(S11,52, ..., 5k) < 2X. (23)

Hence (X — )?)T(X — 5() = 4B_1~ =~2diag(S 11, 822, ... »Skk). Using this relationship together with the
basic constraint (12), i.e. XTx = XTX,XTX = XTX, we obtain

XTx =X"X, X"X—X"X = diag(S11, 52, ...,Sk). (24)

Assume that X can be clustered into (Xg,, Xg,., . ..,Xg,). Inspired by the group knockoff construction
in [7], we first choose S;; 2 v26,.6. = VXg,'XGi’ i = 1,2,...,k. The constraint (23) implies
y - diag(XG,,61> 265,60 - - +» 2G;,G,) = 2. In order to maximize the difference between X and X, y

should be chosen as large as possible: y < min{1, 2-Anin (DX D)}, where D = diag(Z‘gll’/Gzl s 2821,/622 e

EG_kl’gk ) To ensure that the matrix (X + X)T (X + X) is non-singular, we choose y = % min{1,2 -
Amin (DX D)} in our numerical experiments. Once we construct B, we can generate the pseudo knockoff

matrix via the procedure described earlier. This construction is useful if the features X; are clustered.

2.2.3 A general construction In general, we first divide the features X; into m groups Cy, Ca, .., Ciy
such that the correlation within each group is relatively weak. We remark that this criterion of partition is
different from the grouping strategy in the block diagonal construction. The motivation of this partition
is that (Z‘_l)c ;c; may be close to a diagonal matrix, which can be useful for the later construction of B.

We give two examples to illustrate why this partition may give rise to (X~ l)c ¢; that is close to
a diagonal matrix. For example, if each X; is only strongly correlated with its nelghbours X;; for |i
small, we can choose Cy = {im+k:i=0,1,..} fork =1,2,.,m.If X = XlTX = pli=il for some
p > 0, ¥~ is tridiagonal, and thus (E‘l)cj,cj is a diagonal matrix. Another example is that if X can be
clustered into several groups such that the within-group correlation is stronger than the between-group
correlation and the maximal group size is m, then we can pick C; as the ith element in each group for
1 < i < m. If the between group correlation is 0, (X'~ ])c ,; 1s also a diagonal matrix.

We construct a diagonal matrix S; that majorizes (X'~ 1)c ,c; using a semidefinite program (SDP)
minimize trace(S;) subject to y(Z‘_])cj,cj =S, 2<(S)ii

The above SDP is similar to the SDP in the knockoff construction [1] and can be solved very efficiently.
y > 1 is some parameter to be determined. If (E_I)Cj,cj is close to a diagonal matrix, we can construct
a §; such that their entries are not too large. Next, we construct B as follows:

Be.c,=Si. B =v(Z Deg 1<i#j<m (25)

The difference between B and X! is on the diagonal. The above B satisfies constraint (20)

B—yx ! =diagBc,.c, — v(Z Veicps- -5 Beycw — v(E Dec)
=diag(S1 — ¥(Z Nenerso s Su—v(E Hepe) =0 = Bryrl- 3yl

We choose y = 1.2 to ensure that (X + )~()T(X + )?) is non-singular.
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Among three constructions of the pseudo knockoff matrix, we choose the general construction as
the default construction. After we construct the pseudo knockoff matrix X, we use y, [X X] to calculate
the half Lasso statistic and finally apply the knockoff+ filter (3) with the target FDR level g to selection
features.

Relation to the knockoff filter. If m = 1, X constructed via the block diagonal or the general
construction is exactly a knockoff matrix of X [1]. The constraint (1) in the original knockoff filter
implies that (X — X)” (X — X) is a diagonal matrix, which in turn forces [(X — X)T(X — X)]~! = B/4
to be a diagonal matrix. In the construction of the pseudo knockoff matrix (23) or (25), we only require
that B be a block diagonal matrix or some submatrices of B be diagonal. In this case, we can consider
the pseudo knockoff filter as a generalization of the knockoff filter.

By comparing our block diagonal pseudo knockoff construction with the group knockoff filter in
[7], we can see that the pseudo knockoff matrix, X, in (24) is actually a group knockoff matrix of X. The
group knockoff filter is originally designed for group selection with group FDR control while our block
diagonal pseudo knockoff filter is designed for feature selection.

3. Numerical results for the pseudo knockoff filter

In this section, we perform a number of numerical experiments to test the robustness of the pseudo
knockoff filter and study the performance of various methods.

Notations. S; Hd {£A} means that §; takes value A or —A independently with equal probability 1/2.
We denote the orthogonal pseudo knockoff, the pseudo knockoff with the block diagonal construction
and the pseudo knockoff with general construction as orthogonal (OPK), block diagonal (BDPK) and
general (GPK) pseudo knockoff.

Data. Given some covariance matrix X', we first draw the rows of the design matrix X € R"*? from
a multivariate normal distribution N(0, X') and then normalize the columns of X. The pseudo knockoff
matrix is generated according to Section 2.2. To generate the signal strength 8 € RP, we choose k

coefficients B;,, Bi,, . .., Bi, randomly and set B; Hid {£A}. Finally, the response variable y € R" is
generated from y = XB 4+ €, ~ N(0,1,). Unless we specify otherwise, we will use the following
default setup, i.e. the sample size is p = 500, n = 1500, the sparsity is kK = 30, the signal amplitude is
A = 3.5 and the covariance matrix is X' = I,.

Methods. The methods that we focus on include the OPK, BDPK and GPK filters with the half
Lasso statistic (A = 0.75). We use the knockoff+ filter (3) with nominal FDR level ¢ = 20%.
We assume that every five features form a group and then construct the BDPK matrix. We choose
Cy ={im+k:i=0,1,.} withm = 2,3,5 to construct the GPK matrix. After obtaining the fitted
value ,3, B in the half Lasso problem, we have two choices to construct the statistic, W, in (16). Denote
Wi = (Bj+ B -sign(B;— B and W> = |81V |1 -sign(Bj| — IB;1). For the OPK, we use W, which
seems to offer more power with OPK; for other pseudo knockoff filters, we consider both constructions
of W in (16). There are nine methods in total.

3.1  Numerical evidence of FDR control for the pseudo knockoff filter

In this subsection, we perform extensive numerical experiments to test whether the pseudo knockoff
filter has FDR control. For this purpose, we apply it to select features in the linear model y = X8 + €
with different design matrices under various extreme conditions.
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The default simulated data is discussed at the beginning of Section 3 and we vary one of the default
settings in each experiment as follows (one setting is varied while keeping the others unchanged).

(a)
(b)
(©)

(d)

(e
()

Sparsity: k varies from 10, 20, 30, .. ., 90, 100.
Signal amplitude: A varies from 2.8,2.9,...,4.2.

Correlation Structure: We use the covariance matrix ¥ € R0 5, — pli=l and vary the
correlation level p = 0,0.1,...,0.9.

The sample size: We vary the sample size n = 150/, p = 50/ and sparsity k = 10/ with
le{2,3,...,12}.

Group Structure: We assume that the features X; can be clustered into 100 groups with five
features in each group. To generate a different group structure, we choose the covariance matrix
Xii =1, X = p for i # j in the same group and X;; = y - p for i # j in different groups, and
generate the design matrix X as in the previous discussion.

The within-group correlation: y = 0 is fixed and p varies from 0,0.1,0.2,...,0.9.

The between-group correlation: p = 0.5 is fixed and y varies from 0,0.1,0.2,...,0.9.

We pay particular attention to the FDR (the mean FDP), the power (the expected proportion of

true di

. . L . #j: Wi>T & Bi=0}
scoveries) and the expectation, which is defined as the expectation of W, sj—T N ,3/:0} g Each

experiment is repeated 200 times to calculate these quantities. The design matrix X and the pseudo
knockoff matrices X are fixed over these trials. We plot the results of OPK and BDPK (m = 5), GPK
(m = 2) with W) = (B + B) - sign(B — f) in Figs 1 and 2.

The dotted line in Figs 1 and 2 represents the prescribed FDR ¢ or constant 1 as a reference. In all
figures, we observe that the FDR is controlled by ¢ = 20%. From the results of the expectation, we

observ

e that all of them are close to or less than 1. Other six methods described before Section 3.1

control FDR in the above examples. In Section 4, we will provide partial analysis to gain some

unders

tanding of the pseudo knockoff filter.
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FiG. 1. Testing the orthogonal, the block diagonal and the general pseudo knockoff+ at a nominal FDR g = 20% by varying the
sparsity, the signal amplitude or the feature correlation.
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F1G. 2. Testing several pseudo knockoff+ filters at a nominal FDR g = 20% by varying the number of features p, the within-group
correlation or the between-group correlation.

3.2 The pseudo knockoff filter in some correlated scenarios

Due to the constraints on the knockoff matrix in the original knockoff filter, strongly correlated features
force the s; to be small [6], which may lead to loss of some power. A main advantage of the pseudo
knockoff filter is that it relaxes the constraint of X in (12). In some correlated scenarios with some special
structure, we can construct the pseudo knockoff matrix that is adapted to such structure and improve the
power. To illustrate the effectiveness of the pseudo knockoff filter, we compare the knockoff filter using
various statistics with various pseudo knockoff constructions using the half Lasso statistic.

Statistics. We use the half Lasso statistic with A = 0.75[|U”y||2/+/n — 2p (n > 2p) for the pseudo
knockoff filter. We also consider the corresponding statistics in the knockoff filter for comparison.
Specifically, we consider the knockoff filter with the half Lasso or Lasso using the same tuning
parameter (A = 0.75||U”y||2//n — 2p, n > 2p) and the sign max statistic W@ In addition, we have
tested the knockoff filter with other statistics, including the Lasso path and the Orthogonal Matching
Pursuit (OMP) statistics. The knockoff matrix is generated by the SDP construction introduced in [1].
In the following examples, we use a slightly larger signal amplitude A = 5. For these methods, we use
the knockoff+- filter (3) with nominal FDR level g = 20%. Throughout all the examples in this section,
we repeat the experiment 200 times to obtain the FDR and the averaged power.

Group structure. We consider a design matrix X € R1390%390 with a group structure and two sparsity
cases: k = 30 and k = 100. In particular, we consider experiment (e) in Section 3.1. The within-group
correlation factor p varies from 0.5,0.55,,...,0.95 and the between-group correlation factor is y = 0.
In all other settings, we use the default values. By taking advantage of the a priori knowledge of the
correlation structure of X, we construct the BDPK and GPK with m = 5. We also implement the OPK
with W@ statistic for comparison.

In Fig. 3, the pseudo knockoff filters control FDR and outperform the knockoff filter with the OMP
or the Lasso path statistic. The BDPK with W) statistic (not plotted) also outperforms the knockoff
filter with two statistics, but offers less power than that of the OPK or the GPK.
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FiG. 3. Comparing the orthogonal, the general pseudo knockoff+ filter and the knockoff+ filter with several statistics at nominal
FDR ¢ = 20% by varying the within-group correlation. Here, the general W® means the method using the general pseudo
knockoff construction and W statistic.
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¢ TR N ¥ Lasso path

Spar3|ty k=30, Correlation p Sparsﬂy k= 100 Correlation p

FiG. 4. Comparing the orthogonal, the general pseudo knockoff+ filter and the knockoff+ filter at nominal FDR g = 20% by
varying the pairwise correlation.

Decaying structure. We consider a design matrix X € R'7%0%300 with some decaying structure and
two sparsity cases: k = 30 and k = 100. Specifically, the design matrix X is generated from N (0, X') with
X = p'i_j|, where p varies from 0.5,0.55,...,0.95. Other settings use the default values. We know
a priori that the off-diagonal elements of X ~! decay rapidly. Thus, we apply the GPK with parameter
m = 5. We also implement the OPK with W® statistic for comparison.

In Fig. 4, we again observe that in both figures the pseudo knockoff filters control FDR and
outperform the knockoff filter with the OMP or the Lasso path statistic. We also implement the GPK
with parameter m = 2 and two statistics W1 and W®. Its performance is still better than that of the
knockoff filter with the OMP or the Lasso path statistic.

In these two examples with group or decaying structure, the knockoff filter with the Lasso sign max
statistic W or with the half Lasso statistic (W1 version) offers more power than that of the OMP
or the Lasso path statistic. Their powers are comparable to that of the OPK or the GPK. The tuning
parameter A = 0.75||UTy||»/~/n — 2p, which was designed for the pseudo knockoff filter with half
Lasso statistic, works equally well for the knockoff filter with the Lasso or the half Lasso statistic in
these two examples.
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Exploring the special structure in the precision matrix. Next, we investigate how we can design an
effective pseudo knockoff filter by taking advantage of the special structure in the precision matrix
>~ We consider three examples: (a) (¥~!) is a block diagonal matrix with equal block size 5 and
(XY = 1,(Z7Y; = p fori # jin the same block and 0 otherwise; (b) (X~1); = p!"; and
() (™Y = 1 and (¥ _1),-]- = p for i # j. We then generate X from the multivariate normal
distribution N(0, X') as in the previous numerical examples. We vary p from 0.5,0.55,...,0.95 in
example (a), (b) and from 0,0.1,0.2,..,0.9 in example (c). We consider the sparsity level k = 30
and focus on the pseudo knockoff filter with the half Lasso statistic and the knockoff filter with the
Lasso and the half Lasso statistics. The special structure of the precision matrix suggests that choosing
m = 5 for the GPK would be a reasonable choice for these examples. We also implement the OPK for
comparison.

We observe that when we construct the knockoff matrix X using the original knockoff filter,
the difference between some feature X; and its knockoff X; generated by the SDP construction is
very small for some cases in example (b), (c) when p is large. We compute the mean s; (see (1))
in example (c) for 10 different values of p that we use in this example. Their mean values for
p =0,0.1,...,0.9 are 0.426,0.031,0.013,0.007, 0.005, 0.003, 0.0019, 0.0013, 0.0007, 0.0003, respec-
tively. In our computation, we have used the glmnet package in MATLAB [16] to solve the Lasso
optimization problem, (,é, ,3) = arg min(l;,g) %Hy — Xb — f(l;ll% + A||(B, D)||1. The original results that
we have obtained are a bit surprising in the sense that the Lasso statistic constructed this way fails to
control FDR in this extreme example. To gain some understanding what goes wrong, we found that
the numerical solution of this Lasso optimization problem is significantly different from the numerical
solution of (,é, ﬁ) = arg min(,;’l;) %Hy - Xb— Xi)||% + Al (i), l;) |l1, which is the same Lasso optimization
problem except that we have swapped the order of the input variables (X, X). This numerical error may
be attributed to the extremely small difference between X; and X; for some i and the degeneracy of the
augmented design matrix [X X]. This numerical error may lead to the violation of the flip-coin property
of the knockoff statistic W constructed from the numerical solution (8, 8), which may explain why we
could lose FDR control in this extreme case. To overcome this difficulty, we turn off the knockoff X; for
X; if s; is small when we construct the knockoff Lasso sign max statistic. More specifically, we define an
index set, P £ {i : s; > 0.001}. We first solve (8, Bp) = arg minj, ;5 ly — Xb — Xpbpl13 + M (b, bp) 1.

‘We then construct W;,z) = (l,épl Vv 18p)) - sign(|3p| — |Ep|) and set WI(D%) = 0. The numerical results that
we present in Fig. 5 for the Lasso W® statistic are obtained using this slightly modified procedure in
constructing the knockoff Lasso statistic.

In three subfigures in Fig. 5, the OPK and the GPK with the half Lasso statistic control FDR and
outperform the knockoff filter with the half Lasso statistic W) (the half Lasso with W® offers less
power than the half Lasso with W(1) and the Lasso sign max statistic. The Lasso with W statistic
offers performance similar to that of W® . We have implemented the knockoff filter with the OMP and
the Lasso path statistics in example (c) and found that these statistics perform poorly, which may be
attributed to the smallness of s; in this example. In general, from 0 < diag(s) < 2X7X = X7x)~! <
2(diag(s))_1, one can show that the slow decay of the off-diagonal elements of XTx)~! forces s; to
be extremely small, which could lead to a significant loss of power of the knockoff filter. The OPK
with the half Lasso statistic maintains a high power in example (c), which may be attributed to the
orthogonal property between X and its pseudo knockoff X. We have also tested the OPK with the least-
squares statistic in example (c). Because of the slow decay of the off-diagonal elements of (X7 X)™!,
sign(leS) 1 < j < p are correlated for large p and we found that the least-squares statistic fails to

control the FDR in these cases.
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F1G. 5. Comparing the pseudo knockoff+ filter with the knockoff+ filter with several statistics at nominal FDR g = 20% by
varying p in various precision matrices. The left, middle and right subfigures correspond to example (a), (b) and (c), respectively.
KF HL is short for the knockoff filter with the half Lasso and Lasso is short for the knockoff filter with the Lasso statistic.

In these examples, we find that in the sparse case, the GPK with W) offers more power than the
GPK with W® while in the non-sparse case, W® offers more power than WO In Section 4.1, we show
that the GPK with WD statistic satisfies the assumptions in Theorem 1.1. Although we cannot verify
these assumptions for W® statistic due to the fact that |Ws,| and sign(Ws,) are not independent, we
expect that Theorem 1.1 is approximately true for W due to the sign property sign(W() = sign(W®)
and the similarity between W1 and W®,

4. Some analysis of the pseudo knockoff filter

In this section, we will provide some partial analysis for the pseudo knockoff filter, which may provide
some understanding regarding the performance of the pseudo knockoff filter.

4.1 A uniform FDP bound

In the knockoff filter, the following expectation inequality,

E[ #j:W; > T,pB =0} }51, (26)

plays an important role in obtaining the exact FDR control of the knockoff filter.

The numerical experiments in Section 3 show that the pseudo knockoff with the half Lasso statistic
offers FDR control and the expectation (26) is approximately valid. Since we relax one of the constraints
in the knockoff filter, we cannot apply the supermartingale argument to obtain (26) for the pseudo
knockoff filter. To gain some understanding why (26) may be valid for the pseudo knockoff with the
half Lasso statistic, we would like to estimate the expectation (26) for fixed ¢ and the suprema over all ¢
in Theorem 1.1. For a technical reason, we still cannot prove (26) right now. Instead we prove a weaker
version of (26) by replacing 1 in the denominator by m.

According to the assumption of Wg, in Theorem 1.1, in the extreme but highly unlikely case, Wg,
can be m copies of (11,72, .., nL) where n; are independent and symmetric random variables. Then (11)
reduces to (9) with an upper bound that is about twice as large as the upper bound in (9) and (10)
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#J: nj=1}
reduces to E [ m

expectation is 1 — 27", where n = #{j : |n;| > t}. Both results in Theorem 1.1 are relatively tight.
For the half Lasso statistic, this extreme scenario is very unlikely to occur since the /' regularization
imposes sparsity and forces /§j + Bj to be zero for many features X; in a correlated group. As a result,
W; is zero for many features X; in a correlated group, and thus it is very unlikely that such an extreme
scenario can be realized for the half Lasso statistic. In Section 3.2, we consider some highly correlated
examples, including the cases with 0.95 within-group correlation and with 0.95 correlation between X;
and X4 for each i. These highly correlated examples in principle could generate strongly correlated
Ws,, pseudo knockoff filter with the half Lasso statistic still offers FDR control.

‘]—'] < 1. Since sign(n;) are i.i.d. Rademacher random variables, the latter

Proof of (10). Let N, & {j € So : |IWj| > t}. By assumption of F, N, is determined and we can divide N;
into m groups Cy, Ca,. .., Cy (C; C Sp) such that the elements of sign(W¢;) are mutually independent.
Obviously, [N;| = >"I"; |Cil. Using the following Cauchy—Schwarz inequality

witha; = |G|+ 1,b; = #{j € C; : W; < —t} + 1, we obtain

#HjeSo:Wi=1 INi| +m
. Fl+1=E| —; _
#HjeSo: W< —t}+m SE (#MieCii W< —1}+1)

m

F]
1 Cil + 1)? =G+ 1 Cil+1
<E Z . (IG1+1D ZI |+ [ . |Cil + ‘}_}
|N,|+mi:1#{]eC,~:Wj§—t}+1 l:1| d+m [ #jeCi:W;<—-1}+1

- IGil+1 #HjeC:W >t
S et F] [t SRR R 1 @7
i INil +m #HjeCii W< —1j+1

In the above derivation, we have used #{j € C; : W; < =t} +1+#{j e C;: W; >t} = |Ci| + 1 to
obtain the first and the last equalities, and used the fact that |V;| and |C;| are measurable with respect to
J to yield the second equality. From the assumption (b), 1w,~o with j € C; are mutually independent
and each obeys a binomial distribution. We yield

[ #HjeCiiW =1 ‘ ]:E[ #j e Ci: W; >0} 'f}:1_2—|c,~|<1

#HjeCi: W< -1} +1 #HjeCi:W <0} +1
Therefore, the last line in (27) is bounded by

1 2
_ C; N, =2.
INleZ 201Gl +1) = Niim - (IN:| + m)

Subtracting 1 on both sides of (27) concludes the proof of (10). O

The proof of (11) is more technical and we need the following concentration inequality.
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LEMMA 4.1 Assume that the o field F satisfies the conditions in Theorem 1.1 and |Ws,| are in
decreasing order : |W; | > |W;,| > .. > |W;| > 0, where W;,, 1 < k < [ are all non-zero elements in
Ws,. Denote V].lL =#i : (D)W, > |W,-j|} =#ix: (H)W;, >0&k <j}.Foranytr > landi <j <,
we have '

Vi ti—j 0/2 —mb/2)\ V"
P _J >t | < inf exp (—9 ( t=J +tm)> . (exp(m /2) + exp(=mb/ ))
Vi +m 6>0 2 2

. (exp((l +1ymb /2) + exp(—(1 + t)m9/2)>i/m
5 :

(28)

Roughly speaking, the above probability decays exponentially fast with respect to i and ¢. To prove
(28), we first apply the Holder inequality to decouple correlated terms and then establish a bound of
the moment generating function (MGF) of V" + z‘Vl.+ similar to the Heoffding MGF bound. Finally, we
apply the Laplace transform method. We will use (28) and a slicing method to control the suprema in
(11). We defer the proof of (11) and Lemma 4.1 to Appendix A.

Next, we show that the pseudo knockoff statistic satisfies the assumptions in Theorem 1.1.

Independence of £. Let m be the largest block size of B in the block diagonal construction or the
parameter in the general construction. Recall that the covariance matrix of £ = B — B is B. Since
BC,-,CJ- is a diagonal matrix in the general construction, thus &;,i € C; are mutually independent.

For the block diagonal construction, we can choose C; to be the collection of the jth element in each
block if there exists such an element. Then &;,i € C; are also mutually independent.

The general construction. For X generated by the general construction, we choose W; = (Bi + Bi) .

sign(Bi — B = f(n)isign(&) (16). Let F be the o field generated by 7. According to the amplitude
property of W, |W| is F measurable. Since n and &€ = g + ¢® are independent and &;,i € Ci NSy are
mutually independent, we conclude that

sign(W;) = sign(f(n);) - sign(8i + 81@) = sign(f(n);) - sign(al@), ieCinSy

are symmetric and mutually independent conditional on F. This verifies condition (b) in Theorem 1.1.
. . d .
The additional condition Ws, = —Wg, follows from Proposition 2.1.
In the numerical experiments that we presented in Section 3, we have also used W = |8]| Vv |B] -
sign(|8] — |B]). Although we cannot prove that this statistic satisfies the assumption in Theorem 1.1,
our numerical experiments seem to suggest that the FDR control is not sensitive to the choice of

statistic in (16).

Block diagonal construction. If X is generated by the block diagonal construction, we show that both
statistics in (16) satisfy the assumptions in Theorem 1.1. For W; = (Bi + B,-) . sign(B,- — ﬁ,-), we can
use the same argument as above. For W; = |,3i| \Y |/§,-| . sign(|,3i| — |Bi]), F is the o field generated by
n and |£|s,. The amplitude property implies |W;| is F measurable for null i. The symmetry property
of Wg, follows from Proposition 2.1. It remains to verify that conditional on F, sign(W;) are mutually
independent for i € C; N Sp.
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Note that Var(§) = B = diag(S11,522,...,8), &, = eé? and the elements of C; come from
different blocks. We can change the sign of eg) in any block S;,;,,Siiys - s S,-j,-j without changing |&s,|
and the joint distribution of € gi) Consequently, conditional on F, sign(&;) are mutually independent for

i € CjN Sp. Using the independence of sign(§c;ns,), the sign property and the symmetry property of
Ws,, we verify the condition (b) in Theorem 1.1.

4.2 Partial analysis of the orthogonal pseudo knockoff

From the previous numerical results, we observe that the orthogonal pseudo knockoff is among the most
powerful pseudo knockoffs and still maintains robust FDR control. One of the main reasons is that X;
in OPK is orthogonal to Xj, and thus the difference between them is maximized. In this subsection,
we provide some partial analysis of the orthogonal pseudo knockoff with W) statistic and expect that
similar results also hold for OPK with W statistic. First we discuss several properties of the orthogonal
pseudo knockoff.

Symmetry Property. Since X”X = 0 is symmetric, the symmetry property stated in Proposition 2.1
holds for the orthogonal pseudo knockoff.
Recall W; = (B; + Bj)sign(B; — Bj) = f(n)sign(§). We introduce the following notations:

¥ =Xx"X, D =diag(z") =diag(d,da.....d,), E~'=D"'2x~Ip1/2, 29)

By definition, we have (2—7—’1)[1_ = 1. Let F be the o field generated by 5. Conditional on F, |Wg,]| is
determined. We assume that |Wy, | is arranged in a decreasing order and use the same notation V;~ as in
Lemma 4.1. Similar to (10) or (28), we estimate the ratio Vl.+ /Vi.

THEOREM 4.2 For any é € (0, 1) andj > 1, conditional on F = o (1), the OPK satisfies

» Vi>1+5
VoS 1-38

1 + 37) Amax Slyn
]__) < ( )n(;izj( N/N/)7 (30)

where N; EN T (Wi | > |W,‘j|} and )\max(g':/l Nij) is the largest eigenvalue of the submatrix Zf‘\:l N;N;-
REMARK 4.3 Note that the diagonal elements of -1 Ny are all 1 and |[Nj| = j. Note that j =

Tr(Z Iy = > 1i(Z~1yn;) and A;(Z~1yn,) > 0. Thus, we have Amax (Z~1yn,) <.

From the sign property of W, we know sign(Ws,) = sign((f(n))s,) - sign(&s,). Denote Y; = 1y,~0.
We first analyse the covariance of each pair (Y}, Y)),i,j € So.

LeEmMA 4.4 Conditional on 7, for any null variable i, j, we have

| 3 —
Cov(¥;, Yjln) < (& Dy (Lm0 = gai<0) (Lromy=0 = Lgay<0) + 5(F D5 BD
We will defer the proof to Appendix B.
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Proof of Theorem 4.2.  According to the symmetry property (Proposition 2.1) of OPK, for i € N;(C So),
we have

E(Yiln) = EQw=oln) = 1/2,  E(V{'In) = E(V; In) =j/2, V' +V; =] (32)

1£0p>0 — 150 <o0- Using (31) and E_INJ.N]. = )\,maX(E_INij)I, we obtain

A
Denote w; =

1 — 3 —
Var(Viin) < 3 Cov(Yy, Yl < 3 o—(Z Do + 25715,
s,teN; s,teN;

T (y—1 — . — .
_ WNJ(E 1)NJNJWN/ 3 )\max(z_leNj)] + SAmax(E_lMM)]

= T TP hE ) < 33
2 3 TH(E D) < 27 2 33
Conditional on 1, we apply (32), (33) and the Chebyshev inequality to yield
_ . - . 1 - :
PV < (L= 8)jf21m) = P(V;" = (1 +8)j/21m) = SP(V; =j/21 = 8j/21n)
2Var(V; | n) _ (430 hma (7 ) . a4

G b2

The first identity holds since the symmetry property (17) implies that 173 < Vj+ =j=V;. The estimate
(30) follows from integrating the last inequality in (34). ‘ (I

For some design matrices that have certain special structure in Zf‘\:l, e.g. the design matrices to be
considered in the next subsection, we can show using (33) that Var(Vj+ [n) = O(j). Conditional on 7, if
sign(W;) i € N; are independent, which is true if we use the knockoff statistic, we have Var(Vj+ |n) =j/4.
In this case, Var(Vj+|n) is the same order as that in the knockoff for all j.

4.3 Some special design matrices

For some special design matrices, we can improve the estimate of Var(Vj+|77) in (33) and get better
control of Vj+ / Vj_. In our simulations, we observe that the OPK offers robust FDR control. We would
like to offer a partial explanation of this phenomenon.

A diagonally dominated case. Let X € R"*” and ¥ = X7 X. We consider several classes of design
matrices described below.

(a) Forany i # j, (X;,X;) £ X[ X; = p, p € [0, ).

(b) Assume that X can be clustered into k groups, X = (X¢,,Xc,,...,Xc,). The within-group
correlation of group i is p; for some p; € [0, 1) and the between-group correlation is zero.

(c) The sizes of different groups are equal. The within-group correlation is p and the between-group
correlationis y - p.

Case (a) corresponds to setting (a), (b) and (d) with p = 0 in Section 3.1; case (b) and (c)
correspond to setting (e) and (f) in Section 3.1. Denote E £ >~ for convenience. From (29),
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(X- 1) i = Eii/ (El/ ZEI/ 2) For the design matrices described above, we can show that >-lis diagonally

dominated, i.e. z] £i |(E 1y il < Z‘;l. The proof is a bit technical and tedious. We will omit the proof
here. From Lemma 4.4, we have

3
<2. (35)

COV(Y,,YIn)<—(2 ==y wiw; + = (2 s < o|(2 i, 5

co = =+

1
2

Since ¥~ is diagonally dominated, we can improve the estimate of Var(Vj+|n) in (33)

172 172
|Es| |Es] |Es]
Var(VE ) < D eol(E Dl =co Y. EI/Z;;]/Z <ol 2 F- > 5
s,teN; s,teN; 88 1 steN; 58 s,teN; "
» SLEN) JLEN
172 1/2 1/2 172
2E 2E
o| 25 ZIEer > -2 Bl | =eo| 2 =
seN; teN teN; seN seN; ES‘Y teN; E”
J J
= 2cqj.
Here, we have used Ei; = E; and the diagonal dominated assumption to yield ZteN |Eg] <
Zz { [Est| < 2Eg,. With this refined estimate of Var(V+|17) the upper bound in Theorem 4.2 can be
reduced to 2-267 .

Exponentially Decaying Class. Assume that |(X~!);| < Cpl=/! for p € [0, 1) and some constant C.
The design matrix in setting (c) in Section 3.1 has a similar structure. One can prove that (E:) i > 1
using the fact that X; = 1 and X is positive definite. By our assumption, we have [(X~1);| <
I(Z~1;| < Cpli=/l. Hence, we have Amax(Z~1) < ||Z-1l; < 2C/(1 — p). Denote ¢g = (1 +
3m)/(2m). Using (33) and Theorem 4.2, we yield
]-') < —4COC .
= 82(1 = p)j

Therefore, for all the design matrices that we considered in Section 3.1 (up to randomness), we have
Var(VjJrln) = O(j) for all j. This may offer some partial explanation why we observe robust FDR
control of OPK in these examples.

. +

— 2¢0Cj Z 1436
+ Y ]

Var(V] [7) < coAmax(X~1)j < 1—,0’ P(V_ = 1_3

5. Concluding remarks

In this paper, we proposed a pseudo knockoff filter for feature selection with correlated features. Both
the BDPK and the GPK filters preserve some essential features of the original knockoff filter, but offer
more flexibility in constructing the knockoff matrix. We also proposed the OPK filter. Our numerical
experiments seem to suggest that the pseudo knockoff filters have FDR control in the numerical
examples that we considered in this paper. Moreover, the OPK and GPK filters seem to offer more power
than the knockoff filter with the Lasso Path and the half Lasso statistics in these examples, especially
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when the features are highly correlated. For the BDPK and the GPK filters, we provided an estimate

#{jeSo: W;>t}

for the expectation of the ratio FjeSo: W 2= for any fixed threshold in (10) and its suprema over all

possible thresholds in (11) under weaker assumptions on the conditional distribution of the statistic. For
the orthogonal pseudo knockoff filter, we provided some estimate of the distribution function (30). This
estimate provides a relatively tight upper bound when X ~! is diagonally dominated or when X ~! has
some special structure. Although our analysis does not lead to FDR control, it may offer some partial
understanding of the pseudo knockoff filter.

We would like to emphasize that our understanding of the pseudo knockoff filter is still quite
limited. In some extreme cases, we found that the orthogonal pseudo knockoff filter with the least square
statistic fails to control FDR. Although we have better understanding of the OPK with the half Lasso
statistic and obtained better theoretical results for the GPK, these results do not provide a satisfactory
explanation for the robust performance of the pseudo knockoff filter with the half Lasso statistic that
we observed numerically. In our future study, we would like to further investigate whether one can find
some appropriate conditions on the design matrices under which we can obtain exact FDR control for
the pseudo knockoff filter with the half Lasso statistic. This question seems to be extremely difficult.
Some new method of analysis needs to be developed to give an affirmative answer to this question.
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Appendices

A. Proof of Theorem 1.1

The derivations in this Appendix are conditional on F and we drop the notation of conditional
expectation for simplicity.

Proof of Lemma 4.1. We first estimate the MGF of Vj+ + tVl.+ and then apply the Laplace transform
method to establish (28). Denote & = 1Wik>0 —1/2, 0 =1+tfork <iand Ay = 1fori < k <.
Since |W;,| is decreasing, we obtain

4 L jti
Vi v =

.

=H#k<j: W, >0l +#{k<i:W, >0}—J+T’ => b Vi=i-VE
k<j

According to the assumption of Wg, in Theorem 1.1, conditional on F, we can divide Wg, into m

groups Cy, (2, . .., Cy, such that sign(Wy), k € C; are independent. We can use the Holder inequality to

decouple correlated terms and estimate the MGF of Vj+ + tVl.+ - ]J"T” for any 6 > 0O as follows:

m

GO) =Eexp (0(V;F + 1V = (j+1)/2) =Eexp [ D D M&ib

I=1 keCy, k<j
m l/m m
1
<[T{Eexp| 2 maeaid =T TT (Eexptmugion)™™,
=1 keCy, k<j I=1 keCy, k<j

where we have used the fact that & = IW;k ~0 — 1/2, k € C; are independent to yield the last equality.
The symmetry assumption of sign(W;) in Theorem 1.1 implies & ~ {£1/2}. Using the definition of A,
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we obtain
m J
GO <[] [l (Eexptmne)'™ =[] (Eexpmrr&e))'™
I=1 keCy, k<j k=1
~ (exp (1 +mb/2) +exp (= (1 + ymd2) )i/ " (exp(m9 /2) + exp(—m@/Z))(j_i)/m
N 2 2 '

(A.1)
To simplify the notations, we define B(x, y, 1, £, s) as follows:

exp (_‘§ (tx —y S)) (eXp (1 +0&/2) +exp (= (1+0&/2) )" (exp(g/z) + exp(—§/2))y_x |

2 2 2

(A2)

For fixed 7, £ > 0, it is easy to verify that B(x, y, ¢, £, s) is a monotonically decreasing function of x, s and
an increasing function of y. Choosing § = m6,x = i/m and y = j/m, we can simplify (A.1) as follows:

Eexp (9(Vj+ + tVl-+ -+ ti)/2)) = G(0) < exp (m@ (H;J + s)) B (i, i,t, m@,s) (A.3)
2m m m

for any s. Using (A.3) and applying the Markov inequality to exp(G(Vj+ + tVl.‘Ir — (j + #)/2)) for any
0 > 0, we yield

Niai i
P(Vj+>tVi_+sm):P(Vj++tVf— l+]> ! ]+sm)

2 2
. ti—j " L jti
< glr;gexp (—9 (T + sm)) E [exp (9 (Vj +1tV' — —
< infB (i, i,t,me,s) = inf B (i, i,t,s,s) . (A4)
6>0 m m £>0 m m
Choosing s = ¢ in (A.4) establishes (28). [l

One can obtain the following Hoeffding-type concentration inequality using a similar argument:

+ . . . 2
P( _Vi >I)ZP(V_+_1>(t—1)z+2tm)Sexp(_((r—1)z+2tm) 3) As)
Vi+m ! 2 2141 2(141) mi

where ¢t > 1. The key insight is that for large i, the above probability decays exponentially fast. Thus it
is possible to estimate the suprema of Vl.+ /(V{ + m) using some covering argument.

Proof of Theorem 1.1 We estimate the distribution function of the suprema. Since Vi‘" < i, we get

#jeSo: W > s) 14 Vit
P {sup — >t) =P| sup— >t)=P| sup — >t). (A.6)
s>0 #HJj € So: VV/ < —s}+m i1 V. +m i>|m) Vi +m

1

Once we obtain the above estimate, we can integrate ¢ from 0 to oo to yield (11). Based on (A.4) or
(A.5), for any fixed ¢ > 1, P(Vl.+ /(V; + m) > t) should be exponentially small for large i. For small 7,
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the concentration inequality is not sharp and we can use the symmetry of the joint distribution of Wg,, i.e.
d . . . - .

Ws, = —Ws,, to obtain a better estimate. Since Vi+ , V; are monotone, the supremum over an interval

SUp;, <i<i, Vl.+ /(V;”+m) can be bounded by Vg /(m—+ Vi +1)- We will spliti > [#m] into several intervals

4

with well-chosen end points (ix, ir41] and then apply (A.4). Il

Estimate for small 1 < t* = 4. Denote a = 2|tm| + 1. We split the distribution into two parts:

viF v __a+1 _ _a-
Py sup — >t) <Pl sup — >V, > +P\V, <
i>|tm] Vi +m i>|tm] Vi +m 2

The probability that the supremum over some small i is larger than ¢ is high. Fortunately, we can use

1) L 1+11. (A7)

11 to take care of the contribution of small i. Since Wy, 4 —Ws,, we have V 4 Vi =a-V,, and
thus Il =1/2.In1, V; > (a + 1)/2 implies that the denominator is not small. Thus Vl-+ [V +m) >t
cannot be true for small i. In fact, the monotonicity of Vl.jE and V,.+ + V. =iimplies

! Vi Va v 2 1
Va_Ea+ = |m]+1 = sup — 4 < sup i SL m| + |tm] <
2 Lim] <i<a Vi +m m a<i<|fm]|+a Vi +m ltm] +1+m

IA

Therefore, the term / mainly takes care of the contribution of large i and can be reduced to

v 1 Vi — vy 4 atl
I:P( sup d >t,Va_2a; )SP( sup v a) 2 >t).

i>|2m]+a Vi +m i>?m|+a (Vl_ - Va_) + % +m

We freeze V¥ and introduce a new random process Ule = V/ﬁa — VE. According to the definition of

VjjE in Lemma 4.1, we have UjjE = #{ix : (W, > 0& a < k < j+ a} and it is the same as VjlL
after throwing away W; , W,,,.., W;, . Thus, the random process {Uji}jzl and {VjjE }j=1 have the same
properties and the concentration inequality (A.4) holds true for Uji. For any increasing sequence {s;};>1

with 51 = 2, we obtain
Ut 4 att Ut 4 atl
ISP sup #>[ SZP sup %>l
i>|2m| Ui + - +m k>1 Lsgm] <i<|Sg41m] Ui + 5 +m

3 Ul + 45 .
Sk41m _ n ~ B
- P( Ls + 4 m g t) o ZP (ULsk+IYnJ = tULska_H + 1)—2 + l‘m) )
k=1 Lsgm]+1 ) oo

Denote ry = (t — 1)% + tm. Applying (A.4) with s = %‘ gives

£>0 m

+ - a+1 . Lskm] + 1 |sky1m] Ik
P (ULsk+1mJ > U g1 + (= I)T + tm) < me( — 1LE, ol
Recall that a = 2|rm] + 1. We obtain

1
- s =
m 2m

Downl oaded from https://academ c. oup. conti mai ai / advance-articl e-abstract/doi/10.1093/i mai ai /i ay012/ 5054618

by guest

on 18 July 2018



25

Using the monotonicity of B in x, y, s variables in (A.2), we obtain

1
I< infB(Ls"mJ 1 Lseim) ,t,g,ﬁ) <> inf B stk 06,7
m m m o1 &0

The upper bound of 7, II is independent of m. Thus we can estimate (A.6) uniformly for m.

Estimate for large t > r* = 4. For large ¢, i > [tm] is large and (A.4) can be sharp. Choosing any
increasing sequence {sx}x>1 with s; = ¢ and then applying (A.4) with s = ¢, we obtain

vt vt vit
Pl sup — >t SZP sup — >t §ZP _m‘—“m>t
i>|tm] Vi +m k>l Lsgm] <i<|[Sg+1m] Vi +m k=1 VLSka-H +m

Lskm]) + 1 [Sgq1m] .
9 b t’ b t S lnf B b b t’ b t b
( - - 3 > inf (Sk» Sk41, 1,6, 1)

k>1

< inf B
£>0
k>1

(A.8)
where we have used the monotonicity of B in x, y and s variables (A.2) to obtain the last inequality.

Choosing s;. For a fixed ¢, we use a greedy strategy to optimize the selection of s so that we have
a sharp upper bound. Assume that s, k > 1 is obtained. The candidate values of sy41 are C = {sx +ih :
i=1,,2.,19}, h = (t — 1)s%/20. For each s € C, we construct an arithmetic sequence a; £ (s — sg) -

i+ sx,i=0,1,...,30. Then we choose si1 as follows:
Sk+1 = argmin z ’ min B (a;—1,a;,1,§, M) (A9)
[ b " 9 b b .
! se( i=1 geD; =l !

where 1n; = 12 for small ¢ < ¢* and ny =tfort > r*. Usinge* +e™ < Zexp(x2/2), we know
B(x,y,1,€,5) < exp (— &((x —y)/2+5)) exp (E(y — x)/8) exp ((1 + 1)*E°x/8).

2(tx—y)+4s
y—x+(t4+1)2x

D;={£*/3+0.01j:£*/3+0.01je[£*/3,36*]}, &*=&"ai—1.ait.ny),

The minimizer of the right-hand side is §*(x, y, ¢, 5) = . We choose

in (A.9) and approximate infg~o B (a;—1, a;,t,&, n;) by mingep, B (a;—1,a;, t, &, ;). We stop constructing
sk if s > 150. We denote by k; € Z the subindex of the last term and then sz, > 150.

The remaining part. The remaining part can be arbitrary small if we construct s; over a large range
and calculate large ¢ in the last step numerically. For 2.4 < ¢ < 15, we use the above procedure to esti-
mate P(Sup | <i<150m VI-+/(VI._+m) > 1). To estimate the remaining part P(supsq,,,<; ViJr/(Vi_+m) > 1),
we choose 5; = Sk,—150+i+1 = i for i > 150. From (A.2), we know

< = tH—i—1 612 4 e~6/2 [ (4082 4 o=(141)§/2 i
B (si, Si41,1,6,1) = exp (—g (— + t)) .

2 2 2

e €1 (eg +e7 %
= .

5 5 ) =ce-e % r(t, ), (A.10)
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where r(1,€) = @ We can choose & € (0, 1] such that r(#,£) < 1 — ¢ uniformly for r > 2.4
and some ¢ > 0. It follows that the tail B (5;,5i+1,¢, &,t) decays exponentially fast with respect to
i,t. To estimate P(sup;sg,,; V;‘/(Vi_ + m) > 1), we choose § = 0.2 for # € [2.4,15] and obtain
r(&,1) < 0.93.

For t > 15, we choose s; = t+i— 1 fori > 1, & = 0.5 and yield r(t,§) < 0.83. Note that
(A.10) still holds true after replacing (5;, Si+1, 1) by (s, Si+1, ;). Thus we can estimate the distribution
function P(supi> Lim) V;r [V +m) > t) in (A.8) directly, which decays exponentially fast with
respect to t.

After obtaining the upper bound of the distribution function for #; = 2.4 4+ 0.005i € [2.4,15] and
any ¢ > 15, we use the monotonicity of the distribution function and integrate (A.6) to conclude

vt 00 v o0 vt
E | sup — =/ Pl sup —* >t dt§2.4+/ Pl sup —* >t )dr < 3.9.
i>1 Vi +m 0 i>lm) V; +m 24 i>\m) V; +m

Verification of the construction (21) of X. Direct calculations show that

X-X"x-X =[xz - 2UC)B—1]T[(2X2—l —2UC)B™']

=4B (" XTxx '+ cTUTUC)B ' =4B I (Z ' + CTCO)B~! = 4B~ .
X+X7xX - %) =[x@I-25"'B7") +20CB~!]"[2x=~'B~! —2UCB ]

=40- > "B HTxTxz"'B~! —4B~!cTUTUCB™!

=401-B" 'y HB! —4B~!cTcB™!

=40-B ' HB ' —4B !B - x " HB! = 0.
Here we use UTX = X7U = 0. The first identity implies (19) and the second is exactly (6).

B. Proof of Lemma 4.4

Conditional on n, we can determine N, = {j € So : W; # 0}. Recall that £ and n are independent and
&s, 4 —&s,- We have E(1g;50ln) = E(1g>0) = 1/2,i € S,. For any i,j € N, we get

1 1 1
E(1g~01g<0) — 2t E(1g~0lg-0) — 1= E(1g-0) — 3= 0.
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Similarly, we have E(lgl<olgj>o) 4 = —(E(15,>01§j>0) 4),V i,j € So. Meanwhile, the symmetry of
&s, implies E(lgi<015j<0) E(lgi>015j>0). Therefore, we obtain

1
Cov(Y;, YjIn) = E(Y;Yj|n) — E(YiInE(Y;|n) = E(Y;Yj|n) — I
1
= E[(Lrm=01e=0 + Lrn<0lsi<0) - (Lp=olg=0 + Ly <olg<o)In] — 7
1 1
=1sm=0lsm>0 | Edg=0lg=0) — ~ | + Lsmy>olrop<o | EAg>o0lg<0) —
1 1
+ 1rap<oliap>o | EQg<olg=0) — — | + Lrop<olgop<o | E(Lg<0lg<0) —
|
= [ E(te=01g>0) = 7 ) (Lin=05m=0 =Lin=04m<0 = Litm=<0gn>0 +Lin <05t <0)

]
= (E (Ig>01g-0) — Z) (Lm0 = Lran=<0) (Lsop=0 — Lip <o)

1
= (E(1§i>015j>0) - Z) wiwj, (B.1)
where w; = 15()>0 — 15ap<o- By definition, w; = 1 or —1. From Cov(§) = B = 23!, we know

that ( ? ) ~N (O, ( g” g’/ )) . Since normalizing &;, §; does not change their sign, we assume that
J ji Djj

(?) ~ N(O, ( Ml v )) . where 11; = By/(B}/*B}/?) = (£71); (see (29)). Define s = pj; =
] i

(Z’:\:l)l;,' and let P(§;,&;) and P,(-) be the probability distribution function of (§;,§;) and the standard
normal distribution, respectively. Using

2 262 4 282 Dk
Dz 1ore o (elagrl), vo TR Z G
2 2(1— p2)

lI>

we expand P(&;, &) — Ps(&)Ps(&) up to u?

P (&) Ps(&)) ( / )
PELE) — Ps(ENPs(E) | wiwj = ———= (1 +x— /1 — 2 +e" =1 —x) wiw;
[ ) ) ] J \//I““li‘* J
< PS(?)PS(?) ((1 +x—,/1- uz) wiwj +e* — 1 —x)
"
2 X
< ST se Ps(%-t)Ps(é:j) ((1 +x— /1 _ )W,W] (e 1)c>0 + 1))
1—p2 2
2
_P S(?)P BERE) ((1 frmi- )wlw, ) + P50,
"
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Integrating both sides with respect to &;, §; in the region &;, §; > 0 gives

1 Ps(&)Ps(§)) (( 2) xz)
E(lg>0lg> wj < SO (14 x =1 - i+ = ) d&; dg;
( (si-0lg>0) = )WW] &i£>0 V1=p2 ! Ho)miT s 5 44

x*1
+ / P& &) 22 dg; dy 2 1+ 11+ 1L (B.2)
£>0>0

. . . . 2E24 282 -2kt
Since Pg(-) is a standard Gaussian distribution and x = —Mzﬁfw, we can calculate all the
moments in I and II explicitly. For I, we have

- 1 1 am m 1 w? -
i\ /ic e (= @2 T 40— 22

2
MWIWJ ‘ 2y-3/2 _ ) 1 ! 1 e
< +2 ) )+4 — 0= o
_ w2 (1—;L2)‘3/2—1‘+ w? L 1 BV
2t 2m 0 4T—p2 [ 1=p? 1+ /1-u2 2 |

(B.3)

where ¢1(1) > 0 collects the coefficients of x2 and is bounded near u = 0. We use E(£ l:n0) =
1/2m,E(& 2lg>o) = 1 for the standard Gaussian & to obtain the first equality, and |w;| = |w;j| = 1 to
obtain the inequality. For the second term, we get

2 2 8 2
0 TNy Wl = Zu+2u?) , )
n=—— Py(ENPs (&) (286 — (& 7)) dg dE = = ,
8(1 — 1i2)52 /E;,Ej>0 5(61) S(Ej)( &i&j M(S; +§] )) §; d§; 8(1 — 2)52 ca()p
(B.4)
_3 2 2624 262 0k,
where co () = % > 0 is bounded near y = 0. Since §;,§; > 0 and x = —M;wa,
pn < 0implies x < 0, or equivalently 1.0 < 1,-¢. Note that
W+ PP - 2ukE g - 2ulsg  ulEg
Y= — J < — ] ] ] v Ei"’;:j =0

21— 1) = 20—p) (14 ul)’

£\2
For &;,&; > 0, we have Plag < (lfflff) 1,,~0. Therefore, we obtain

1 121,50l
M= S aligoo) < 57 s B8 )
7 ey 4 4 12 _ 11?0l 3 4 2
< - (E(51g20) E( 1,50 L A L 0e3(pn?,  (B.S)
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where c3(u) = m is bounded near u = 0. Combining (B.2), (B.3), (B.4) and (B.5), we yield
1 I
Cov(Y;, Yiln) = [E(ls,->ols,->o) - Z} wiwj < 2 WiV + (1) + (i) + 3 (W 1=0)n?

m
£ o owiw + c(up®.

Here, c(u) = c1(n) + ca() + c3()1,50. Since c;(w) is a non-negative and an explicit function
of w, it is not difficult to show that c(u) < % for |u| < % For |u] > 1/2, we use the estimate
Cov(Y;,Yjln) < 1/4 < —5= + %uz. Finally, we conclude

i
Cov(Y;, Yiln) < (ZW,’W/‘ +C(M)M2) A

where yu = (Ejl )ij- This proves Lemma 4.4.
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