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Abstract: In the sparse sequence model, we consider a popular Bayesian
multiple testing procedure and investigate for the first time its behaviour
from the frequentist point of view. Given a spike-and-slab prior on the high-
dimensional sparse unknown parameter, one can easily compute posterior
probabilities of coming from the spike, which correspond to the well known
local-fdr values [27], also called ¢-values. The spike-and-slab weight param-
eter is calibrated in an empirical Bayes fashion, using marginal maximum
likelihood. The multiple testing procedure under study, called here the cu-
mulative £-value procedure, ranks coordinates according to their empirical
f-values and thresholds so that the cumulative ranked sum does not exceed
a user-specified level t. We validate the use of this method from the multiple
testing perspective: for alternatives of appropriately large signal strength,
the false discovery rate (FDR) of the procedure is shown to converge to the
target level ¢, while its false negative rate (FNR) goes to 0. We complement
this study by providing convergence rates for the method. Additionally, we
prove that the g-value multiple testing procedure [44, 17| shares similar
convergence rates in this model.
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1. Introduction
1.1. Background

Multiple testing problems are ubiquitous and encountered in applications as
diverse as genomics, imaging, and astrophysics. The seminal paper of Ben-
jamini and Hochberg [10] introduced the False Discovery Rate (FDR) as a cri-
terion for multiple testing and provided a procedure controlling it, the so-called
Benjamini-Hochberg procedure. Subsequent papers adapted this procedure in
different contexts [12, 11, 13, 40, 36, 29, 19, 23, 35, 22, 14, 7, 8, 30]. We focus
here on another class of multiple testing procedures, also widely used in practice,
consisting of empirical Bayesian procedures. These have been made popular in
particular through the two-group model [27] and a series of papers by Efron
[24, 25, 26]; see also [46, 5, 45] for several extensions. More specifically, the local
FDR (called ¢-value here) can be seen as a Bayesian quantity corresponding to
the probability of being under the null distribution conditionally on the value of
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the test statistic. This probability is typically estimated by plugging in estima-
tors of model aspects, which follows the general philosophy of empirical Bayes
methods. Using ¢-values instead of p-values is often considered to be more power-
ful [46], which explains the popularity of these significance measures in practical
applications, including genomic data and biostatistics [37, 20, 48, 31, 3, 43, 28]
but also other applied fields, such as neuro-imaging as in e.g. [34]. In addition,
the detection ability of /-values can be increased further by adding structure
on the null configurations via a latent model, such as a hidden Markov model
[47, 1] or a stochastic block model [39], or via covariates [15].

Despite their popular practical use, Bayesian multiple testing methods remain
much less understood from the theoretical point of view than p-value based ap-
proaches. Decision-theoretic arguments inspire most practical algorithms based
on the Bayesian distribution (see among others ¢-; C¢- and g-value procedures
defined below). Such arguments are theoretically justified under the assumption
that the data has been generated from a model which includes specific random
modelling of the latent parameters, and this random modelling can be seen as a
Bayesian prior. Yet, in practice, especially in sparsity problems, specification of
prior aspects such as the number of effective parameters and the distribution of
alternative means is delicate. In the frequentist-Bayes literature, an alternative
is to look for prior distributions that can be proved to have optimal or near-
optimal behaviour from the frequentist point of view (see Section 3.3 below for
general references). This leads to the question of studying Bayesian multiple
testing procedures in the frequentist sense. From the perspective of multiple
testing theory, the goal is to design procedures that are robust with respect to
the latent modelling, which is in line with the classical strong error rate control
[21].

While most of the literature on multiple testing for Bayesian methods has
focused on latent variable modelling with a random ‘signal’ parameter, we thus
focus here on the case of any deterministic signal. There are very few works so
far in this setting — we present a brief literature review in Section 3.3 — and
the present work can be seen as a continuation of [17]. In that work, a family of
spike-and-slab prior distributions was considered and frequentist properties of
two multiple testing procedures were investigated in the sparse sequence model:
the /-value procedure, where testing is based on the posterior probability that a
given null hypothesis is true, and the g-value procedure, based on the Bayesian
probability of the null given the hypothetical event that the data exceeds the
value actually observed. A different procedure very popular in practice is one
based on cumulative ranked ¢-values, called the Cl-value procedure below. This
procedure was conjectured to have desirable frequentist properties in [17]. The
aim of the present paper is to confirm this conjecture: the Cé-value procedure
is studied here for the first time from the frequentist perspective in the setting
of sparse deterministic hypotheses. We now proceed to introducing in more
detail the model, the inferential goals, and the multiple testing procedures to
be considered.



2036 K. Abraham et al.

1.2. Model, FDR and FNR

Notation introduced throughout the paper is collected in Appendix B for the
reader’s convenience.
Model. Consider the Gaussian sequence model, for = (64,...,0,) € R™,

where the noise variables (g;);<, are assumed to be iid standard Gaussians
N(0,1), whose density we denote ¢. We assume that there exists a true (un-
known) vector 6y € R™ that is sparse: specifically, if

160l,, :=#{1 <i<n:6; #0}

denotes the number of non-zero coordinates of 6, we assume that 6y € £o(sy,)
for a sequence s,, — co satisfying s,,/n — 0 as n — oo, where for s > 0,

lo(s) = {0 €B™: 0], < s}. )

The distribution of the data under the true 6, is given by
Py, = (R) N (0o, 1),
i=1

where 6 satisfies the sparsity constraint (2) but is otherwise arbitrary and non-
random. To make inference on 6, we follow a Bayesian approach and endow 6
with a prior distribution II. Using Bayes’ formula one can then form the posterior
distribution II[- | X], which is the conditional distribution of # given X in the
Bayesian framework. The choice of II (and the corresponding posterior II[- | X])
will be specified in more detail in Section 1.3.1 below. To assess the validity of
inference using II[- | X], we study the behaviour of the latter — or of aspects of
it used to build a testing procedure — in probability under the true frequentist
distribution Py, .

Multiple testing inferential problem, FDR and FNR. We consider the multiple
testing problem of determining for which 7 we have signal, that is, 6y ; # 0. More
formally, we analyse a procedure ¢(X) = (¢;(X))1<i<n, taking values in {0,1}",
that for each coordinate ¢ guesses whether or not signal is present. To evaluate
the quality of such a procedure ¢, one needs to consider certain risk or loss
functions. Here we focus on the most popular such risks, defined as follows:
the FDR (false discovery rate) is the average proportion of errors among the
positives, while the FNR (false negative rate) is the average proportion of errors
among the true non-zero signals.

More precisely, first define the false discovery proportion (FDP) at 6 by

FDP(p; 0o) := Zi_111$95§220;?; =1 (3)
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Then the FDR at 6 is given by
FDR(¢;60) := Eg, [FDP(¢; 60)]. (4)
Similarly, the false negative rate (FNR) at 0y is defined as

> i1 M0, # 0,95 = 0}
LIV (i<, {00 #0}) |

To use classical testing terminology, the FDR can be interpreted as a type I error
rate, while the FNR corresponds to a type II error rate. The former is ubiquitous
and the latter, with the current (non-random) choice of denominator, has been
widely used in recent contributions, see, e.g., [4, 38].

The aim of multiple testing in this setting is to find procedures that keep
both type of errors under control. Inevitably, in the sparse setting in model (1),
to achieve this will require some signal strength assumption (see (21) below and
the discussion in Section 3.1).

FNR(p;60) := Ey (5)

1.3. Empirical Bayes multiple testing procedures
1.3.1. Spike-and-slab prior distributions and empirical Bayes

A family of prior distributions. For w € (0,1), let IL,, = II,,  denote a spike-
and-slab prior for 6, where, for I' a distribution with density -,

I, = ((1 — w)dy +wl)®". (6)

That is, under II,,, the coordinates of 6 are independent, and are either exactly
equal to 0, with probability (1—w), or are drawn from the ‘slab’ density v. When
the Bayesian model holds, the data X follows a mixture distribution, with each
coordinate X; independently having density (1 — w)¢ + wg, where g denotes
the convolution ¢ x . This shares similarities with the well-known two-group
model in the multiple testing literature [27]: the only difference is that here the
alternative (i.e. the slab), is fixed a priori, rather than estimated from the data.

In this work, we consider in particular a ‘quasi-Cauchy’ alternative as in [33],
where + is defined in such a way that the convolution g = ¢ x v equals

glz) = 2m) " V22721 - 67932/2), z € R. (7)

Such a « indeed exists, and is given explicitly in [33], eq. (4), but its explicit
expression will not be of use to us here.

The references [32, 17] consider more generally a family of heavy-tailed dis-
tributions governed by a parameter « € [1, 2], for which the quasi-Cauchy alter-
native corresponds to Kk = 2, and we note that most of the calculations in the
current paper work unchanged in the Laplace case k = 1. Some, however, re-
quire minor adjustment, and in particular, one should expect a slightly different
rate of convergence of the FDR to ¢ in Theorems 2 and 3 below.
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The posterior distribution IL, (- | X) can be explicitly derived as
01X ~ Q) (liw(X)do+ (1 —£iw(X))Gx,),
i=1

where G, is the distribution with density 7, (u) := ¢(x — u)y(u)/g(x) and

(1 —w)e(x) @)
(1 - w)¢($) + ’LUg(Jj) < (07 1)a r eR.

The quantities ¢;,,(X), 1 < i < n, are called the ¢-values. Note that w —
l; (X)) is decreasing. For short, we sometimes write ¢; ,, for ¢; ,,(X). In words,
each ¢; ,,(X) corresponds to the posterior probability that the measurement X;
comes from the null, this probability being computed in the Bayesian model
with the spike-and-slab prior (6). Let us underline that, in the usual multiple
testing terminology of the two-group model, the posterior distribution ¢; ,,(X)
corresponds to the ith local fdr of the data, when the alternative density is g,
the null density is ¢, and the proportion of true nulls is 1 — w, see, e.g., [26].

In the empirical Bayes framework, one first estimates w empirically from the
data using, for example, the maximum (marginal) likelihood estimator, defined
as the maximiser (which exists almost surely, in view of Lemma 4)

U(z;w) =

W = argmax L(w), (9)
we[l/n,1]
where L(w) denotes the marginal log-likelihood function for w, which can be
expressed as

L(w) = log((1 = w)o(X) + wg(Xy). (10)

The resulting empirical Bayes (EB) posterior is simply IL;[- | X]. We highlight
that the dependence on w is a significant qualitative difference between f-values
and their main alternative of p-values. Quantitatively, with an estimated w, ¢-
values under the null are expected to be close to 1 (see, e.g., Lemma 6), which
is not the case for p-values.

Finding a maximiser w and simulating from this distribution, or calculating
aspects such as the posterior mean or median, can be done in a fast and effi-
cient way and has been implemented in the EBayesThresh R package. From the
theoretical perspective, a lot of progress has been made in the last few years
in understanding the behaviour of the empirical Bayes posterior, in connection
with the study of Bayesian procedures in sparsity settings, and we briefly review
such results in Section 3.3 below.

1.3.2. Bayesian multiple testing procedures

The C/l-value procedure with level ¢ € (0, 1), which is the main object of study
herein, rejects the null hypothesis Hy; : “Op; = 0”7 if ¢; 5(X) < A(w,t), where,
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for w as in (9),

e ST UFES RS
IV 1l e(X) <A} — )

Let us recall the notions of the Bayesian FDR and posterior FDR under a prior

distribution (as in e.g. [42]) to place this definition in context and define the

other two Bayesian multiple testing procedures of interest for this work.
BFDR and postFDR. The Bayesian FDR is the FDR when instead of having

a fixed 6y, the parameter 6 is truly generated from the prior IT,,:

BFDR,(¢) := Egorr, FDR(4;0), (11)

and the posterior FDR is the BFDR conditional on X, or equivalently the
expectation of the FDP when the parameter 6 is drawn from the posterior
I, (- | X):

AN, t) = sup{)\ €[0,1]:

2?21 Ei,w (X)‘Pz
Lv (i wi)
Note that postFDR,,(¢) decreases as w increases (for a fixed procedure ), as
a result of the monotonicity of the ¢-values (see Lemma 4).
£-value procedure. Let us consider a family of multiple testing procedures
© = @i based on f-value thresholding as follows. For any given level A € [0, 1],
set

postFDR,, (¢) := Epr, (1x)[FDP(p; 0)] = (12)

Paw(X) = (1{i.w(X) < AP1<icn. (13)

The ¢-value procedure at level ¢ is then defined by ¢ (X), for w as in (9).
Cl-value procedure (reformulation). Given the collection of procedures (13)
for different thresholds A, another way to choose A is to ensure the posterior
FDR (12) is controlled at a level as close as possible to the target level ¢. This
yields the C/l-value procedure defined at the start of this section: with @ as in

(9),

¢ = 05 40

< (14)
A= A(w,t) =sup{A € [0,1] : postFDR;(¢ox,5) < t}.

This is also a reformulation of the procedure considered in, e.g., [37, 46]. The
original expression of ¢** in these references (using cumulative sums rather than
the level \) can be derived from the observation that we necessarily threshold
at one of the observed (-values (i.e. at some ¥; (X)) since the posterior FDR
only changes when we cross such a value. The threshold is A= E( Rt1),00 with
{(;),% denoting the ith order statistic of {£; 4(X) : 1 <i < n}, and we therefore
reject the null hypotheses for indices corresponding to the K smallest observed
(-values,! where K is defined by

1 K 1 K+1
— Uiy o <t < = iy - 15
K;u, KH;(), (15)

1In principle we define the order statistics so that repeats are allowed, defining them by
the traits {£; 4(x),? < n} = {£(),4,J < n} as a multiset (Vz € R, #{i: £; 5 = 2} = #{i :
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(By convention the left inequality automatically holds in the case K =0.1If
the right inequality is not satisfied for any K < n, we set K = n and \ =
1.) Note that K is well defined and unique, by monotonicity of the average
of nondecreasing numbers. This monotonicity also makes clear the following
dichotomy, which will prove useful in the sequel: for all t € (0,1) and A € [0, 1],

postFDR; (px.0) <t <= A<\ (16)

This indicates that the supremum in (14) is a maximum. Also observe that
postFDR;, (¢r,%) < ¢, so that A > t and the ¢-value procedure is always more
conservative than the Cl-value procedure.

q-value procedure. Another way to calibrate a procedure ¢; = 1{|X;| > «}
in order to control the (B)FDR is to further simplify the expectation of a ratio
defining the BFDR and instead consider the ratio of expectations, defining for
x € R and w € [0,1]

_ Boonn, 300, 1{0; = 0}1{]1 %] > |}
Eoor, 2o HIXG| =[]}
(1- w)B(lal)
(1 = w)®(|z]) + wG(|2])’

q(z;w)
(17)

where ® and G denote the upper tail functions of the densities ¢ and g respec-
tively. The g-values are then given by

(1 —w)®(|X;]) <i<n (18)

Giw(X) = ¢(Xj3w) = (1 —w)®(|X;]) + wG(|X;])’ B

and the g-value procedure is defined by thresholding the g-values at the target
level t > 0:
PN (X) = (1{gs,0(X) < t})1<icn- (19)

Thanks to monotonicity of both the ¢ and ¢ values (see Lemma 4) ¢V lies

in the class (13), so that @1V = @, 4 for some A\, = A\g(,t). As with the
l-values, we sometimes write g; ., for g; .,(X).

Rationale behind these procedures for FDR control. Let us now give some in-
tuition behind the introduction of such procedures. Consider ¢y ,, PS5 (w,t) w7 and
O, (w,t),w; that is, the £-, Cf- and g-value procedures respectively, but with a
fized value of w. All three control the Bayesian FDR (BFDR) at level ¢ under the
prior II,,: for the first and third procedures, see Proposition 1 in [17]; for the C¢-
value procedure with fixed w, since postFDR,, (ga;\(w7t),w) < t, we directly have
BFDR,, (¢ Aw, t),w) < t by taking expectations. Moreover, by concentration argu-
ments and appealing again to [17, Proposition 1], we have BFDR,, (<p5\( )=t

w,t),w

Ly = x}) and Ly o < Lyw < 00 < Ln),p- When Z(k),w = Z(K—l),ﬂ) in fact ¢ as

defined in (14) rejects fewer than K hypotheses. However, with probability 1, the observed ¢
values are all distinct, due to the Gaussianity of X; and the strict increasingness of the map
z — £(z;w), see Lemma 4.
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and BFDR., (px, (w,t),w) = t. Hence, from the decision-theoretical perspective,
if the prior II,, is “correct”, these procedures are bona fide for the purpose of
controlling the BFDR. Note that this says nothing when the procedures are
constructed using a random w which is typically what is done in practice (as
in (9)). In addition, to derive frequentist properties, the procedure has to be
evaluated under a fixed truth 6y, which makes it even further from the previous
decision-theoretic argument. Yet, one can expect that for n large, @ (and con-
sequently the plug-in posterior II;[- | X]) concentrates in an appropriate way,
giving the hope, validated by Theorem 1 below for the C¢-value procedure with
strong signals, that the frequentist FDR at 6y can still be controlled.

2. Main results
2.1. Consistency

Let us define a ‘strong signal class’ of parameters with exactly s, non-zero
entries, each of which is “large”. For 6y € ¢y(s,), denote by Sy the support of
007

SO = {’L : 90,1’ 7’5 O} (20)

For a sequence v,, — oo we define the strong signal class

Lo(Sn;vn) = {6‘0 € lo(sn) = |00 > v/2log(n/sy,) + vy, for i € Sp, |So| = sn}
(21)

Theorem 1. Fizt € (0,1). Consider any sequence s, — oo such that s, /n — 0,
and any sequence v, — 0. Then, as n — oo,

sup \ FDR(QDCZ; 6o) — t| = 0, (22)
0o€Lo(sn,vn)
sup  FNR(p%;6) — 0. (23)
0oty (5717'Un)

Let us emphasise that the conclusion of Theorem 1 does not mention the
prior, holding for any deterministic 6y in the strong signal class, not only for
non-zero entries of fy drawn from the quasi-Cauchy distribution (7). Moreover,
this frequentist consistency result holds uniformly across the strong signal set
Lo(8n;vn). The assumption v, — oo cannot be relaxed, as we discuss in Sec-
tion 3.1.

2.2. Convergence rate

The following result strengthens the conclusion of Theorem 1, showing that the
FDR converges to ¢t from above and obtaining a precise rate of convergence, at
the cost of requiring mild extra conditions on s, and v,.
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Theorem 2. In the setting of Theorem 1, assume also that
sy, > (logn)?, vn > 3(loglog(n/s,))'/2.

Then there exist constants ¢,C,C’" > 0 depending on t such that uniformly over
0o € Lo(Sn;vn), for all n large enough we have

loglog(n/sy) ce loglog(n/sy)

288 ) — pp ) — t < C—20V o) 24

Toglnfsn) DM Tt SO Gy Y
FNR(p%;6p) < C'(log )" (25)

Remarks. i. This result shows that the convergence rate of FDR(¢%; ) to
t is logarithmic in n/s, and uniform over £y(s,;vy). In particular, note
that increasing the signal strength v,, does not accelerate the convergence
rate of the FDR. By contrast, we provide no lower bound for the FNR in
(25), so the convergence rate of the FNR to zero can (and will) be much
faster for larger v,,.

ii. In fact we prove the stronger false discovery proportion result (implying
(24)) that for some ¢,C > 0, writing &, = loglog(n/s,)/(log(n/s,)) we
have

cen < FDP(¢%%;6p) —t < Ce,,, with probability at least 1 — o(s,,),

and correspondingly for the false negative proportion.
iii. The bound s, > (logn)? can be relaxed to s, > b(logn)?/loglogn for
some large enough constant b = b(t): see Lemma 21.

Let us now turn to study the g-value procedure. The next result shows that
its behaviour matches that of the C/-value procedure.

Theorem 3. Theorems 1 and 2 continue to hold when the Cl-value procedure

©©* is replaced by the q-value procedure @121,

The FDR/FNR of the g-value procedure was studied in [17], but without con-
vergence rates, and an improvement with respect to the Cl-value procedure was
conjectured following simulations. Theorem 3 addresses this issue by showing
the convergence rate is in fact exactly the same. Further comparisons between
our results and those of [17] will be provided in Section 3.3.

2.3. Sketch proof of Theorems 1 and 2

The proof relies on the concentration of @ and A. One shows (Lemmas 5 and 7)
that @ concentrates near a (deterministic) value w*, of order slightly larger
than s, /n, that roughly maximizes the expectation of the log-likelihood (10).
Recalling that Sy = {3 : 6y; # 0} denotes the support of 8y, the signal strength
assumption ensures that for i € Sy, with high probability ¢; ,,~(X) ~ 0. Hence,
using that A >t > 0, we obtain

Z 0 ~ 5,,; and more precisely Z (1 -9 = o(sn),
1€So i€So



Cl-value multiple testing 2043

see Lemma 9. This implies that the FNR of ¢“¢ tends to 0. For the FDR result,
let Vi w, A, w € [0, 1] denote the number of false discoveries made by ¢y ; that
is,

Viw = D H{liw(X) <A} (26)
iZSo
One shows (Lemmas 6 and 8) that with high probability, ) is close to the solution
A* to
EVae w+](Egy=0[l1,uw- (X) | £1,0(X) < A*] = t) = tsp,.
This is because Vy« 4+ and Zi€S0 Ly (X)1{l; 1+ (X)) < A\*} concentrate around

their means (Lemma 10 and the proof of Lemma 8) ensuring that with high
probability (recall ¢; .« (X) = 0 for i € Sp)

Digsy Livwr (X)1{Li - (X) <A}
Sn + Zigso {0 (X) < A*}
 Sigs Fllsr (01l (X) <X

postEDR - (@xx w+) =

E[V)\*,w*] + Sn
_ E[VX*,w*]E%:OMl,w* (X) | 10 (X) <N —¢
E[V)\*’w*] + Sn ’

Then, again using concentration of Vi« =,

E[Vy+ ]
Sn + E[Vax -]
b/ (Bagolfir (X) | B (X) < A7 =)
sn + tsn/ (Egy=0[l1,w+ (X) [ 1,0+ (X) < A*] = 1)
=t/Egy=0[l1,0+ (X) | £1,0+(X) < X7]
~ t(1+ (1= Egy=o[l1,u- (X) | 1,0+ (X) < X)),

FDR(p%; 6) ~

with the last approximation following from a Taylor expansion. Finally, one
notes (Lemma 6) that Eg,—o[f1,,+(X) | €1,5+(X) < A*] converges to 1 (from
below) at a rate €, = loglog(n/s,)/log(n/sy,). The errors arising each time ~
is invoked above depend on the sparsity s, and on the boundary separation
sequence v, and are shown in the setting of Theorem 2 to be of smaller order
than e,, so that this concludes the (sketch) proof.

3. Discussion
3.1. Optimality
Sharpness of the boundary condition. A related work by the current authors [2]

proves the following bound for fixed b € R: any procedure ¢ which is ‘sparsity
preserving’ (meaning that its number of discoveries at any 6y € £o(s,;b) is



2044 K. Abraham et al.

with high probability not too much larger than s,, — see Section 6 for precise
definitions) cannot simultaneously satisfy the FDR and FNR bounds

limsup sup FDR(p;0p) <t, limsup sup FNR(g;6y)=0.
n 00€Lo(sn;b) n 00€Lo(sn;b)

Indeed, such a procedure cannot satisfy the FNR bound alone. In Section 6
we show that both the C/- and g-value procedures are sparsity preserving. The
condition v,, — oo required for Theorem 1 thus cannot be relaxed while still
achieving the FNR bound (23), and correspondingly for Theorem 3; this is not a
limitation specifically of the procedures considered here but is true of any “rea-
sonable” (i.e. sparsity preserving) procedure, including for example Benjamini—
Hochberg type procedures (see [2]).

General signal regimes. As noted above, with weaker signals (v, 4 00) it is
impossible to achieve both small FDR and vanishing FNR. One could still hope,
under such weaker signals, to have an “honest” procedure, in the sense that its
FDR is controlled at close to the target level ¢. Simulations in [17] suggest that
this is indeed the case for the C/l-value procedure. When the ¢-value procedure
makes no discoveries (i.e. every ¢; 4(X) is larger than the target level ¢) the C¢-
value procedure also makes no discoveries, so that the proofs in [17] controlling
the FDR of the ¢-value procedure for very weak signals also apply to the C/-value
procedure. It remains to study “intermediate” signals, strong enough that the
C/t-value procedure makes some discoveries but weaker than the class €o(sy, vp)
analysed here. While the general case seems challenging, the intermediate signal
regime where v, is fixed (v, /4 —o0) can be treated using results from [2]: see
the remark in Section 6.

3.2. Relationship between the Cl-, £- and g-value procedures

The key contribution of this paper is to analyse the C/-value procedure. This
procedure, like the ¢- and /- value procedures, is in wide use in multiple testing
and does not need our advocacy, but let us nevertheless highlight some advan-
tages.

Note that, as originally introduced in [44], ¢(2; w) corresponds to P, x)(6; =
0| |X;| > z). Hence, the g-value g; .,(X) corresponds to the conditional proba-
bility g; . (X (w)) = Py, (0: = 0]|X;| > | X;(w)]). Nevertheless, it is not based
solely on the posterior IL,, (- | X) but rather on the joint distribution of (¢, X): in
the conditioning, the event | X;| > |X;(w)| involves measures X; more extreme
than the observed one X;(w). By contrast, the C¢-value procedure depends only
on the observed event and not on other events that one hypothetically could
have observed. From a philosophical point of view, it follows that while both
procedures adhere to multiple testing principles, the Cé-value procedure more
closely aligns with Bayesian principles. This potentially also has positive impli-
cations for computation, since the C/-value procedure can be calculated directly
from /¢-values, while computation of g-values must be done separately, requir-
ing an extra integration step, and can be more involved for more complicated
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priors/models. See [39] for an example of g-value computations for Gaussian
mixtures.

When the data is truly generated from the prior, ¢-value procedures, though
optimal for classification problems, are less adapted to the (B)FDR scale than
g- and C/- value procedures. Indeed, when the prior I, correctly specifies the
data distribution for some known w, these latter procedures achieve BFDR
control at close to the target level, while the ¢-value procedure typically has
noticeably smaller BEDR (recall also the discussion at the end of Section 1.3.2,
and Proposition 1 in [17]). Similarly, from the frequentist point of view, the
results herein and in [17] show that in strong signal settings with a (non-random)
sparse parameter 6y, the C¢- and ¢- value procedures make full use of their
“budget” of false discoveries in order to make more true discoveries, while the
{-value procedure undershoots the user-specified target FDR level and so is
conservative.

Another approach to adjusting the /-value procedure to the FDR scale would
be to use a deterministic threshold A* = A% (¢) — 1 to obtain the specified FDR
level ¢ asymptotically. In view of Lemma 6, the appropriate choice would have
1 — X\* of order (log(n/s,))~!, which depends on the unknown sparsity s,,.
The Cl-value procedure can be seen as one way to make an appropriate choice
adaptively to s,,.

3.3. Relationship to frequentist-Bayes analysis

Frequentist analysis of [ | X]. Recently, a number of works have analysed
different aspects of inference for the EB-posterior distribution, mostly from the
estimation perspective. The paper [32] pioneered this study by establishing that
the posterior median and mean converge at minimax rates over sparse classes for
the quadratic risk. The posterior distribution itself was studied in [16] and results
on frequentist coverage of Bayesian credible sets were obtained in [18]. This
connects to the analysis of Bayesian methods in high-dimensional settings, where
a variety of prior distributions (e.g. different types of spike-and-slab priors,
continuous shrinkage priors including the horseshoe or mixture of Gaussians)
and methods (e.g. empirical Bayes, fully Bayes, variational Bayes) have been
considered. We refer to [6] for a review on the rapidly growing literature on the
subject.

Frequentist analysis of Bayesian multiple testing procedures.

To our knowledge, the only references studying theoretically the frequen-
tist FDR/FNR of Bayesian multiple testing procedures are [17] for the present
spike-and-slab prior; [41], which considers continuous shrinkage priors and de-
rived a first frequentist FDR bound; and [9], which derived some robust re-
sults for model selection based procedures, including for various notions of sums
FDR+FNR. Let us summarise what was proved in [17] and compare with The-
orems 1-3:

e the /-value procedure controls the FDR, uniformly over all sparse alter-
natives. Its FDR converges to 0. A logarithmic upper bound is proved for
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the rate of convergence, but there is no matching lower bound showing
that this rate is not bettered. For alternatives with large enough “signal
strength”, the ¢-value procedure has a vanishing FNR.

e the g-value procedure controls the FDR close to the target level, uni-
formly over all sparse alternatives. For alternatives with large enough sig-
nal strength, the g-value procedure has FDR converging to the target level,
and a vanishing FNR.

The commonly used C/l-value procedure, considered here, was left aside. Its
theoretical study is more involved, because it is “doubly empirical”, with random
choices of both @ and .

Another key novelty, in addition to considering the C¢-value procedure, is the
weakening of conditions on v, and on s,. In [17] it is assumed that there exists
some v < 1 for which s,, < n”, but we are able to prove Theorem 1 without this
‘polynomial sparsity’ condition. The boundary assumption of [17] is equivalent
to granting that v, > b(log(n/s,))/? for b > 0, whereas here we assume only
that v,, — oco. This new condition is sharp: see the discussion in Section 3.1.

3.4. Relationship to latent variables settings

A model often considered in the literature on multiple testing is the following:

0=(6,....00) ~Q: (27)
X;]0; "% go, (28)

where the 6;’s are random latent states, say taking values in {0,1}, Q is a
probability distribution on such states, and gp, is the density of the data point
X, given one is in the state 6;. When the 6;’s are independent, one recovers the
so-called two-group model [27]. Another setting of interest is the case where @
follows a Markov chain, in which case the model (27)—(28) is a Hidden Markov
Model (HMM). The work [47] derived results for the Cl-value multiple testing
procedure in the case of parametric assumptions on the emission densities of the
HMM, while the nonparametric setting for emission densities has recently been
considered in [1]. Other examples include two-sample multiple testing [15] and
graph data with underlying stochastic block-model structures [39]. Such latent
variable approaches can be interpreted as Bayesian methods if we consider the
layer (27) as a prior distribution. The FDR control provided in those works
is thus a BFDR control in the terminology used in the current paper: that is,
an FDR control integrated over the prior, as in (11). Said differently, the prior
distribution is considered to be “true”, and the main challenge of these studies
is to deal with the estimation of the (hyper-)parameters @ and e.g. go, 1.

By contrast, in the sparse setting considered here, we are able to control the
FDR without assuming the latent structure (27)—(28) is genuinely true. Results
in the two settings are complementary, since uniform guarantees demonstrate
the “robustness” of the Bayesian approach. However, in the current setting it is
essential to choose an uninformative prior, hence the heavy (Cauchy) tails of the
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slab distribution, while in the latent variable setting one must use a correctly
specified “prior” to obtain optimal results. Relatedly, sparsity is critical for the
current approach so that the influence of the (fixed, and arbitrary apart from
the strong signal assumption) alternatives is not too great. In contrast, in a
latent variables setting one typically has dense signal, and density is moreover
helpful in such a setting since it allows accurate estimation of the distribution of
the data under the alternative. As noted above, one success of the current work
is to remove the need for polynomial sparsity: this eliminates a gap between the
two approaches, allowing our current theorems to work right up to border cases
of near density.

3.5. Possible future research avenues

This work leaves open several interesting issues. First, extending our results
to hierarchical Bayes is both interesting and challenging. Indeed, it has been
shown for instance that, for quadratic risk and in sparsity settings, empirical
Bayes and hierarchical Bayes posteriors can have different behaviours, even for
common choices of spike-and-slab priors (see [16]). One possible route for proving
versions of our results for hierarchical priors would be to show that the posterior
weight for the hyperparameter w is well enough concentrated.

Second, we suspect that the Cl-value procedure satisfies some more optimal-
ity properties, e.g., having a vanishing FDR+FNR risk tending to zero at the
optimal rate provided in [38], if the level ¢ = ¢,, is chosen to vanish at a suitable
rate.

Finally, a probably very challenging issue would be to provide non-asymptotic
frequentist FDR controlling results for the C/-value procedure, and more gen-
erally for Bayesian multiple testing procedures.

4. Proofs of the main results

Throughout the proofs we use the following notation: for a real sequence (a,)nen
and a non-negative sequence (b, )nen, we write a, < by, by 2 ay, or a, = O(by,)
if there exists a constant C such that |a,| < Cb,, for all n large enough; we write
ap < by if a, < by, and b, < ay; we write a,, < by, or a, = o(by,) if a, /b, — 0

as n — oo; and we write a,, ~ by, if a, /b, — 1 as n — oco. We may also write,
for example, f(w) ~ g(w) as w — 0 if (f/g)(w) — 1, and correspondingly.

4.1. Preliminaries

To make the sketch argument of Section 2.3 rigorous, we define precise upper
and lower bounds w+ and A4 in place of the central quantities w*, A*. There
are four parameters governing convergence rates throughout the proof. For a
constant o > 0 to be chosen, (in Lemmas 7 and 9), we write

vV, = a5;1/2(log sn)l/2, (29)
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8n = (log(n/sn)) ™", (30)
€n = On loglog(n/sy), (31)
Pn = e/, (32)

[Recall that the ‘strong signal assumption’ of Theorem 1 is that 6y € £o(sp, vn).]
Note that

On = 0(en). (33)

In the setting of Theorem 2 we further have

Vp = 0(0n), (34)
Pn < Ons (35)

the former following from the fact that u — (u/logu)~/? is decreasing on u > e

and the assumption that s,, > (logn)3, and the latter from the assumption that
vy, > 3(loglog(n/s,))'/2.

Define
Bla) = §(x) -1, (36)
and observe we may write the score S(w) as
7 _ - ﬁ(Xl)
S(w) _L<w)_;1+w5(Xl) (37)
Then defining 7, m; as in [17] by
o B(X1)
n(w) = ~Eag=o| wﬂ(Xl)} (38)
_ B(X1)
mi (7, w) E9°1_T[1+wﬂ(X1)]’ (39)
we let wx be the (almost surely unique) solutions to
Z m1(90,z‘7w—) = (1 + Vn)(n - Sn)m(w—)v (40)
1€So
Z mi(6o,i, ws) = (1 —vy)(n — sp)m(wy). (41)
1€So

Note that equations solved by w.y,w_ are close to the expected score equation
Ep,[S(w)] = 0. While it is shown in [17] that solutions exist for v, = v a fixed
positive constant, strengthening this conclusion to allow v, — 0 is required
here to obtain rates of convergence; we note that there indeed exist solutions
w— < wy to (40) and (41) for n large enough, for any o > 0, by Lemma 5.
Let
Fw(x) = PGOZO(ELM < 1')7 (42)
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and for some A = A(t) > 0 to be chosen (in Lemma 8), define A1 as the solutions
to

(n—s,)Fy_ ()\+)(E90:0[€17w+ | 01w < Ay]— t) =18, + As vy, (43)
(n —sn)Fu, ()\,)(Eggzo[él,w_ [ 1w, < A_]— t) = ts, — As, max(vy, pn, on)-
(44)

Note that unique solutions A_ < A} to (43) and (44) exist by Lemma 6. These
definitions correspond to the central approximation (n—sy, ) Fy» (A*)(Egy=0[¢1 0 |
U1 e < X*] —t) = ts,, but with each central quantity w* replaced by an upper
or lower bound in a consistent way to ensure the left side is always decreased in
(43) and always increased in (44), so that the solutions Ay and A_ will indeed
bound A from above and below respectively (Lemma 8).

4.2. Proof of Theorems 1 and 2

Section 5 will provide a number of core lemmas which allow a concise exposition
of the proofs of Theorems 1 and 2. In particular, Lemmas 7—10 collectively tell
us, via a union bound, that there exists an event A of probability at least 1 — v,
on which, for some a = a(t) > 0 and with K,, ;== #{i € So : {; v > 0},

w

Ky

A
Vaiws
VA_w_

(w—, wy),

sn(pn + vn),

A, ], (45)
EVx, w, ]+ aspin,

EVy_w_]—aspvp.

IAN M

IV IA M

FNR control. By monotonicity of the ¢-values (Lemma 4) and the fact that
A_ is bounded away from zero (as implied by Lemma 6) we note that for n large
we have on A

#{i €Sy =0} <H#{i€So:liw >N} <K, (46)

which in particular allows us to immediately deduce the FNR control (23):
Ce Kn c
FNR(¢C; 00) < Ep, (S—nAHAC) < Pt Vn + Poy (A9) < pp+20, — 0. (47)

In the setting of Theorem 2, the fact that max(pp,v,) < d, (recall (34) and
(35)) implies the FNR claim (25).

FDR upper bound. We turn now to the control of the false discovery rate.
By monotonicity (see Lemma 4), on the event A, the number V5 o of false
discoveries made by ¢ lies between Va_ w_ and Vi 4. . By Lemma 6 we see
for a constant D = D(¢) > 0 that

EVa,w_]=(n—=s)Fu_(Ar) < (14 Dmax(ey,vy))t(1 — t)_lsn.



2050 K. Abraham et al.

Lemma 11 tells us that E[V), ., ] < (1+ Bmax(v,, pp,0n))E[Va, w_] for some

constant B, hence for some constant D’ > D we deduce using d,, = o(e,,) that
for n large enough we have

EWVx, w.] < (1+ D' max(en, vy, pu))t(1 — ) 'sp.

Since for a,b > 0, the map x — x/(a+ x) is increasing and the map b/(a + x) is
decreasing on x > —a, using also (45) and (46) we deduce that on the event 4

FDP(™5600) S o TR,
PR n n

EVx, w,.]+aspv,
T EVa_w, ]t aspvn+ s, — Ky
(1 + D' max(en, Vn, pu))t(1 —t) " Ls, + aspvy
~ $p[(1 4+ D' max(en, Un, pn))E(L — )"+ 1 — (pp + (1 — a)vy,)]
t + D'te,, + @’ max(vy, pp)
~ 1+ D'te, — @/ max(vy, pp)’

for some o’ = a’(t) > 0, hence we have

< t + D'te,, + @’ max(vy, pp)

FDP(x%; 6 1 4e.
(¥ 60) < 1+ D'te, — a’ max(vy, pn) tla
Taking expectations, using that Py, (A°) < 1, and that
t+ D'te, D't(1 —t)e,
Mt TR <t D't(1 ¢
1+ D'te, + 1+ D'te,, — + DU Jen,

by Taylor expanding we see that for some constant A’ = A’(t), for n large we
have
FDR(p%;0p) <t +t(1 —t)D'e, + A max(vy, py).

The right side converges to t in the settings of Theorems 1 and 2. In the latter
setting we note max(vy, pn) = 0(en) by (33)—(35), and the upper bound in (24)
follows.

FDR lower bound. For the lower bound, note by Lemma 6 that for a constant
d > 0 we have

E[V)\_,zz)+] > Sn(l + de,, — % max(yn,pn)),

t
1—-1t
for n large. Thus, by Lemma 11 and for B the constant thereof, using that
0n = o(ey,) we see that for some constants A’,d’ depending on ¢ and for n larger
than some N = N(¢) we have

E[V)\,,w,} (1 - BmaX(Vmpm 671))(1 + d&‘n - % max(yn,pn))t(l - t)ilsn

>
> (1+d'e, — A max(vy, pu))t(1 — ) ts,,
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hence, using (45) and upper bounding the number of true discoveries by sy,
EVy_w_]—aspvy

Sp+ EVa_w_ | —aspvy,
(1+d'e, — A max(vy,, pu))t(1 —t)"Ls, —as,vy

T sp+ (1+dey, — A max(vp, pn))t(1 —t)~Ls, — aspvn
t+ d'te, —a' max(vy, pn)

FDP(¢%;6,) >

Ta

— 1

— 1 g
1+ d'ten, — o max(vy, pn) A®

for ' = A’t + a(1 — t). Similarly to the upper bound we note that for large n
t+d'te, d't(1 —t)e,
SO TR T S 051 — t)d e,
1+ d'te, 1+dte, + ( )d'e

so that Taylor expanding and taking expectations, recalling that Py, (A°) < vy,
we obtain for some A" = A”(t)

FDR(9%;60) > t + 0.5t(1 — t)d's,, — A" max (v, pn).

Again the right side tends to ¢ in the settings of both Theorems 1 and 2. In the
latter setting, for all n greater than some N = N(t), we have 0.5¢(1 — t)d'e,, >
2A"” max(vy, pn), and the lower bound in (24) follows.

4.3. Proof of Theorem 3

Let us prove Theorem 3 in the setting of Theorem 2; the proof under the weaker
conditions of Theorem 1 is similar and omitted. As with the proof of Theorems 1
and 2, by Lemmas 7 and 9 there exists an event A of probability at least 1 — v,
on which, for K, :=#{i € So : liw_ > 6n},

W e (w_,wy),
K, < sp(pn +vn).

By monotonicity of the g-values (Lemma 4) it will be enough to consider the
tests (1{qiw < t});<ic, for w=w_,w;.
First step: control of false negatives. Define
Sy = #{i € So : qi,w < t},

so that FNR(p??: 0y) = s, Eg, [sp — 5"

w
In view of the fact that ¢; ,, > g;w_ (see Lemma 22) we note that for n
large we have

St = Ugiw_ <t} >> Wl <t} >s, - Ky,
1€So €S0

so that on A, using monotonicity of ¢-values,

Sl >8> s0(1— vy — pn)-
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In the current setting max(vy,, pn) < 0y, so that
FNR(p4;00) = s, " Egq (50— Si] < Ego (Vn +pn)la+1ac) < pp+2v, < 36,,

proving (25) for the g-value procedure.

We proceed with the proof of the FDR lower bound. As with the proofs in
the C/l-value case, the key remaining steps are to prove the concentration of,
and to control the expectation of, the number of false positives, and we begin
with the latter.

Second step: bounding the expected number of false positives. Define functions

r:(0,1)2 — [0,00) and x : (0,1] — [0,0) by

wt
r(w,t) = Ao’ (48)
X(z) = (®/G) "} (x). (49)

Note that  is well-defined and strictly decreasing because ®/G itself is strictly
decreasing on [0,00) (see Lemma 4). Moreover, recalling the definition (18) of
the g-values, we note that for any w € [0,1) and ¢ € [0, 1),

{910 <t} ={[Xi] > x(r(w,1))}.

We write
Vi =Y agiw <t} =Y 1{|Xi[ > x(r(w, 1))}

i¢S0 ieSg

for the number of false positives of the multiple testing procedure (1{g;., <
t})1<;<n- Note that V) is increasing in w € (0,1) (Lemma 4) and by definition
of x satisfies

Eg, Vi = 2(n = 50)2(x(r(w,1))) = (n = su)r(w, 1)2G(x(r(w, 1)), (50)

provided r(w,t) < 1. From Lemma 14, we have

N log log(1/w) Bl - 1oglog(1/w)
m(w) (1 + cjlog(l/w) ) < 2G(x(r(w,1))) < m(w) (1 + log(1/w) ()51)

for w small enough (smaller than some threshold possibly depending on t).
Using the definition (40) of w_ to translate from m to my, Lemma 17 to lower
bound my (0 ;,w_), and that w_ =< (s,/n)(log(n/s,))/? (which implies also
that loglog(1/w_)/log(1l/w_) = loglog(n/s,)/log(n/s,) = ,) by Lemma 5,
we obtain

! w— t loglog(1/w_)
>(n—s )tz " loglog(1/w_)
t
2 l_tw* Zml(eo,i,wf)(].+Un)_1(1—|—cgn)

i€So
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t(l + )7 1 = pp) (1 + c1ep)

for some constants ¢y, ca > 0, because (1+v,,) "1 = 1-0(v,) and max (v, p,) =
o(en)-
Third step: concentration of the number of false positives. Recalling that
N VA 1/2 I R .
v = asy ' (logs,)t/?, we see from an application of Bernstein’s inequality
(Lemma 23) and the above that for some constant ¢ > 0 and for a = a(t) large
enough,

Py, (V! — Ep, V! > —av,Fp, V. ) < exp{—(3/8)a*v:Ey, V! }
< efcgazsnuit/(lft) < 851/2.

Fourth step: deriving the FDR lower bound. Using the previous steps and
upper bounding the number of true positives by s,,, we obtain by using again
the monotonicity of the g-values and that the map = — z/(a + ) is increasing
on x > —a that

!

FDP (" 6) >

Vi +s,
V/
Vi +sn
(1 —avy)Ep,V,,
T (1 —avn)Eg, V), + sn

1{w > w_}

H{w >w_,V, >(1—av,)EyV, },

for a = a(t) as above. Taking the expectation and using the bounds we have
attained on probabilities, we find

FDR( g-val. g ) > (1 - au’ﬂ)EQOVJ), /sn _ 9y
7 S A T ww)Eg Vi, a1 ™

Using the previously obtained bound on Ejy,V,, and the fact that (1 —awv,)(1+

co€n) > 1+ cgy, for some ¢ > 0 and n large enough, we find that

(1 — avy)Eg,Vy, /sn - (1 + cen)t _ tceqt
(1 —avy)Eg, Vi, /sn+1 ~(I+cen)t+1—t 1+cent
at(1—t
:t+§Li——lzt+0wﬂfﬂ%m

1+ cept

and we deduce the FDR lower bound.
Fifth step: deriving the FDR upper bound. Recall that on the event A, for n
large we have both S, > s,(1 — vy, — pn) and w_ < @ < w,y. Again using that
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x — xz/(a + x) is increasing and here also that z — b/(a + z) is decreasing on
x> —a,

V/
FDP (72l 6,) < ks
Vi, + 8, )V1

!/
< Vi,
a Vu/ur +5n(1 — Un _pn)

]]._A‘i‘:H_Ac

]]-.A—’_]]-.A“

Here one could use a concentration argument as for the lower bound, but noting
that © — x/(a + x) is concave, we bypass the need for this by appealing to
Jensen’s inequality to obtain

FDR (6o, ¢*™; 6p) < EooVa,
0, ¥ yV0) > E00V4)++Sn(1_yn_pn)

+ Vn. (52)

For upper bounding Ej, Vu’}+, we proceed as for the lower bound part: using (51),
the definition (41) of w,, Lemma 17, and that w, = (s,/n)(log(n/s,))*/? (so
that loglog(1/wy)/log(l/wy) < e, and wy = o(e,)) by Lemma 5, we find
Egy Vi, < (n—sp)r(wy, t)ym(wy) (14 cep)
<t(1 =) M1 —wy) s (1 — )t (14 dey)
<t —t) s (1 + cep),

for any ¢ > ¢, for n larger than some N(t), using again that v, = o(e,).
Substituting into (52) and recalling that we also have p, = o(e,) yields

: t(1+ cep)
FDR (%" 0,) <
P00 S T e T =0 v =)

t 4+ tcey,
< ——— ole
- 1+tcen+ (en)

<t+t(1—t)ce, + oley,).

+I/n

This completes the upper bound and hence the proof.

5. Core lemmas
5.1. Statements

The following monotonicity results are mostly clear from the definitions.

Lemma 4 (Monotonicity). We have the following monotonicity results, all of
which may be non-strict unless specified.

As w € (0,1) increases, with other parameters fixed (note that we typically
apply these results with n increasing and w = w,, decreasing),

1="4;o(X) > liw(X) 10 (strictly)
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1=¢io(X) 2 ¢iw(X) L0 (strictly)
Vaw T (n—8,), A€ (0,1]
Vi T (n = sp)
postEFDR,,(¢) 1 0

1 n
pOStFDRu(SQA,w) T E Zlgi,lm u < (Oa 1)

L'(w)=S(w) >, % (a.s. strictly).
For fized w,w' € (0,1), as A € [0, 1] increases,

Vaw T —sn,
F,(A\) 11 (strictly)
Egy=o[l1,w | €1, < A] T Ego=o0[{1,w]
Finally, we note that (¢/g)(z) and (®/G)(x) decrease strictly as x € [0,00) in-

creases, hence the functions £(x; w) and q(x; w) defined in (8) and (17) decrease
on this set for fixed w.

The following lemmas then form the core of the proofs of Theorems 1 and 2.
Some ancillary results used in the proofs of these lemmas are relegated to Ap-
pendix A.

Lemma 5. Under the assumptions of Theorem 1, define v, as in (29) with
a > 0 arbitrary. Then for n large there exist solutions w_ < wy to (40) and
(41). Moreover, these solutions are almost surely unique and satisfy, for w €
{w—aw-‘r};

W= $p(n—sp,) " ti(w) "t < s, (n—sn) " log(n/s,)) 2 < (sn/n)(log(n/sn))2.

Lemma 6. In the setting of Theorem 1, for any constant A there exist unique
solutions A\_ < Ay to (43) and (44), and these solutions satisfy

1—A_=1—A\; =6, (53)

with suppressed constants depending on t. We further note that for some con-
stants C,c > 0 depending on t,

E0020[617w+ | gl,w, < )\+] Z 1- anv (54)
Egy—o[l1w_ | l1w, <A_] <1 —cey, (55)

and that for some D,d > 0 depending on t, recalling F,(X) := Pp,=0(l1,, < A),

(n—sn)Fy () < %sn(l 4 Dmax(en, vn)), (56)

(n—sn)Fu, (M) > %sn(l + de,, — % max (v, pn)), (57)

for all n large enough.
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Lemma 7. Under the assumptions of Theorem 1, recalling the definition (9) of
W and the definitions (40) and (41) of wy, we have

Py (0 & (w—,wy)) = o(vn), (58)
provided the constant o in the definition (29) of vy, is large enough.

Lemma 8. Under the assumptions of Theorem 1, recalling the definition (14)
of A as the threshold of ¢©* and the definitions (43) and (44) of A+, we have

Poy (A & M-, A4]) = o(vn), (59)
provided the constant A = A(t) is large enough in the definitions of Ay.

Lemma 9. In the setting of Theorem 1, recall that Sy denotes the support of
0o as in (20) and define the (random) set S1 = {i € Sy : £;_ < 0.}, where w_
is as in (40). Then, defining

K, =15\S1l=#{i€ So:liw_ >}, (60)
for all n large enough we have
Py, (Kn/sn > pp + Vn) = o(vy), (61)
provided the constant o in the definition (29) of vy, is large enough.
Lemma 10. In the setting of Theorem 1, define Vi ., as in (26). Then
Py, (IVay wy — ElVay . ]| > asnin) = o(vn),

for some constant a = a(t). The same holds upon replacing one or both of Ay
and w4 respectively with A and w_.

Lemma 11. In the setting of Theorem 1, recall the definitions (26), (40), (41),
(43) and (44) of Vxw, wx, and Ax. Then for some constant B > 0,

EVa, w, < EVi, . (1 + Bmax(vn, pn, 5n)), (62)

EVi_ . > EVs_ o, (1 — Bmax(vn, pn, 5n)). (63)

5.2. Proofs

We here define two final quantities which appear in the proofs, closely related
to x as defined in (49): recalling the definition 3(z) = (g9/¢)(x) — 1 from (36),
we set

(¢/9)" " (x), = € (0,(6/9)(0)] (64)
B (1/w), we (0,1]. (65)

£(x)
¢(w)

Note the relationship

((w) = &(w/(1 +w)). (66)
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Proof of Lemma 4. Strict monotonicity in w of ¢; ,, ¢, is immediate from the
definitions (8) and (18): for example,

o —weX) 1
T = w)o(X) + wg(Xy) 1+ (w/(1—w)(g/d)(X)

decreases as w increases because (g/¢)(X;) > 0. Non-strict monotonicity in w
of Vi w, Vi, postFDR,,(¢) follows immediately. The monotonicity of Vy ,, in A
is also clear (and note that ¢; ., < 1 for w € (0,1) so that (p1,,); = 1 for all i).
To see that

postEDR,, (¢xw,) > postFDR, (¢aw,) if wo > wy,

note that changing w does not change the ordering of the ¢; ,, values, only their
magnitudes, since smaller ¢ values correspond to larger values of | X;|. It follows
that ¢; ,,, and ¢;,,, both select coordinates 7 in order of increasing ¢; ,, values.
Since the ¢; ,, are monotonic in w, we see that ¢, ., selects every ¢ selected
by ©x w,, so that postFDR,, (¢ w,), which can be viewed as the average of the
selected ¢; ,, values (cf. (15)), is no smaller than postFDR,, (¢ w, )-

Strict decreasingness of ¢/g is immediate from the definition (7), and implies
the same of ®/G (see [17, Lemma S-9]). In view of the explicit expression for
F,, in Lemma 18, its strict monotonicity follows from that of ®, ¢ = (¢/g)*
and r(w,)\) = wA(l — w)~1(1 — X\)~L. Similarly the score function S(w) =
L'(w) defined in (37) can be seen, by differentiating, to be strictly decreasing
on the event where there exists 7 such that 8(X;) # 0, which has probability 1
because S(z) = (g/¢)(x) — 1 is strictly increasing and the X;’s have non-atomic
distributions.

For monotonicity of Egy=o[l1,w | {1, < A] in A, first note that, writing
Ew(N) = &(r(w, N\)), a direct calculation yields

{liw <A} = {[X:] > &u(M)}-
It follows that
{gl,w’ < )\} = {gl,w < 51;1 ofw’()‘)}7
and hence that we can express the expectation as

EGQ:O[El,U} | él,w’ < )\] =Zo 51;1 © 511)’()\)7 Z(I) = EGO:O[El,w | El,w < LE]
It suffices, since £, is decreasing, to note that Z is increasing, which is intuitively
clear and formally follows from the following calculations: writing U = ¢; ,,, for
b > a we have
ElU|U<b =E[U|U<aPr(U<a|U<b)
+EU|a<U<bPr(U>a|U<b) (67)
Then, since E[U | a <U < b > a > E[U | U < a], we deduce that
ElU|U<b >EU|U<a](Pr(U<a|U<b)+Pr(U>a|U<b))
=FE[U|U < al. |
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Proof of Lemma 5. The essence of the proof is that m(fy,;, w) < 1/w and

m(w) =< (log(1/w))~'/2, so that necessarily if (40) or (41) is satisfied by some w

we have s, /w = (n — s,)(log(1/w))~/? and hence w = (s, /n)(log(n/s,))*/?.
To make this precise, we begin by claiming that, for some constant C' > 0,

> ma(Bo,isn/n) > (14 vn)(n = sp)in(sn/n) (63)
1€So

3" ma (B0, O (log(2)) %) < (1= va)(n — s,)m(C2= (log(2)) %), (69)
1€Sp

at least for large enough n. Existence of w4 satisfying, initially, s, /n < w_ <
wy < (sn/n)(log(n/s,))/? then follows from the intermediate value theorem,
since /m is continuous, increasing and non-negative and mq(7,-) is continuous
and decreasing for each fixed 7 (see Lemma 22).

To prove the claim, note that asymptotically as w — 0 with w > s, /n, by

Lemma 17 we have for some c,c’ > 0

c(log(1/w))* < m(w) < ¢ (log(1/w)) /2,

It follows that the left side of (68) is of order n, while the right side is of the
smaller order n(log(n/s,))~ /2. It also follows that

> mi(boi, Clsn/n)(log(n/sn))/?) < O~ nlog(n/sn)) /2,

i€So
(1= ) (n = s2)(C (s /n) (log(n/50))'/?) Z (n = sn)(log(n/s,)) "/

for n large, where the suppressed constant does not depend on C' (or &), so that
the right side of (69) upper bounds the left for C' large enough, as claimed.
To prove the sharper asymptotics, observe by definition that for w € {w_, w4}
we have
> ma(fo,w) = (1£vy,)(n — sp)im(w).
1€S0

Since s,/n < w < (s,/n)(log(n/s,))'/? we may use the bounds on m; given
above to see that the left side is < s,w™!. We also note that log(1/w) =
log(n/sy), so that the bounds on 7 given above yield m(w) < (log(n/s,)) /2.
The result follows, noting also that s, /n — 0 so n — s, < n. O

Proof of Lemma 6. We prove the results for Ay; the proofs for A_ are almost
identical. We begin by showing that any solution to (43) is necessarily unique.
Indeed, since the right side is positive, any solution necessarily lies in the set

{A : E90:0[£17w+ | 61711,_ < )\] > t}

On this set, since A = Egy—o[l1,uw, | {10 < A] =t is a non-decreasing positive
function and F,,_ is a strictly increasing non-negative function (see Lemma 4),
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the left side of (43) is strictly increasing, yielding the claimed uniqueness of any
solution.

From here, Lemmas 18 and 19 yield precise bounds on F,(t) and Eg —o[¢1,w |
01, < t] for suitable w,w’,¢t which allow us to conclude the result. Pre-
cisely, Lemma 5 tells us that w_ =< (s,/n)(log(n/s,))*/?, so that log(1/w_) =
log(n/sy) and w1_/2/(5n — 0, hence by Lemma 18 (with ¢ = 1/2) we have for
any constant k£ > 0

Fo (1—k6,) = k710 w_(log(1/w_)) %% < k™ 'n"1s,,.

[All suppressed constants in this proof will be independent of &.] Similarly, by
Lemma 19 we have

1-— E90:0[£17w+ | 617107 <1-— K,(Sn] = KOy, 10g(1/5n) = KEp. (70)

Inserting these bounds we see that the left side of (43) is bounded above and
below by a constant times

kM —s)n " tsn (1 —t — O(key)) X K s

For « large enough (depending on t) this is smaller than the right side of (43)
and for x small it is larger. The left side is continuous in Ay (see Lemmas 18
and 19) while the right side is fixed, so we deduce by the intermediate value
theorem the existence of a solution Ay satisfying 1 — C§,, < A; <1 — ¢, for
constants C, ¢ > 0, so that (53) is proved.

The expectation result (54) now follows immediately from (70). The bound
(56) for F,,_(A\4) is obtained by rearranging the definition (43), inserting the
bound for Egy—o[l1,w, | {10 < A4], and using that (1 —z)~' =1+ O(z) as
x — 0. [For the bound on F,, (A_), one also recalls that 6, = o(,).]

Finally, to see that A_ < Aj, observe that ¢y ,,_ > {1, (Lemma 4) so that
for A > t,

Ego=o[(b1,0 — )1{l1,w, <A} = Egy=o[(1,0, — t)1{l1,_ < A}]
=Eg—0[(l1,0_ — 1,0 ) 1{l10_ < A} + Egy—o[(l1w_ — )1{l1,0, <A< L1 }]
>0.

Since (53) shows that A_ > ¢ for n large, we apply this with A = A_ to deduce
that the left side of (43) evaluated at A_ is smaller than its right side:

Fou_ (A2)(Bog=0[l1,w, | 1w < A_]—1)
=Ego=o[(t1w, — ) 1{l10 <A }]
<Egy—o[(l1,w_ — t)1{l1,0, < A_}]

= Fu, A 2)(Boo=o0[l1,w_ | 1w, <A-]—1)

ts, — Asp, max(vp, P, On)

n— Sp
- ts, + Asnl/n.

n — Sp
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Since the right side of (43) is constant and the left side increases with A, (as
noted above when showing uniqueness), this implies that AL > A_. 4

Proof of Lemma 7. We follow the proof of Lemmas S-3 in [17], with the essential
difference that we do not use the polynomial sparsity but rather the strong signal
assumption. Let us prove

Py (0 < w_) = o(vy)
for o large enough in the definition of v, the proof that Py, (0 > wy) = o(vy,)
being similar.
Let S = L’ denote the score function as in (37). Since @ maximises L(w),
necessarily S(w) < 0 or @ = 1. If & < w_ then only the former may hold,

so that applying the strictly monotonic function S (Lemma 4) we deduce that
{0 <w_} ={S(w_) < S(w)} C {S(w-) < 0}, hence

Poy(i < w-) < Poy(S(w-) < 0) = Py (S(w_) — EayS(w_) < —Eg, S(w_))
e Pgo (zn: W, < —E) s

where we have introduced the notation W; = 8(X;)/(1+w_B(X;))—m1 (0, w_)
and E = Ep,S(w_) = >, m1(bp;,w_). For n large |W;|] < M = 2/w_ as.
(see Lemma 22), so that we may scale the variables W; to apply the Bernstein
inequality (Lemma 23) and obtain

Peo(@ < w,) < 6—045E2/(V2+ME/3)7

where Vo = Y70 Var(W;) < 31 mo (0o, w—), for ma (6o, w) = Egy (B(X:)/[14
wB(X;)])?. In view of the definition (40) of w_, we have

E= Z m1 (0o, w_) — (n — sp)M(w_) = vy (n — sp)M(w_).
€S0

We also note, using the strong signal assumption and the bounds on ms in
Lemma 22 that for some constants C, My > 0 and n larger than some universal
threshold,

VQS Z m2(90’1‘,’w7)+ Z mg((),w,)

i1|907¢|>M0 7;:0017;:0
c P(¢(w-))
< I ; ml(ﬁo,i,w,) + C(n — SH)TQ_,
1€S0

with ¢ defined as in (65). By a standard normal tail bound and the definition
of ¢, we have ®(C(w_)) = ¢(C(w_))/C(w_) = w_g(C(w_))/C(w_), which is of
order w_m(w_)/¢(w_)? because m(w_) =< ((w_)g(¢(w_)) (see Lemma 22).
Using the latter, and the fact that {(w_) — oo (Lemma 22), in combination
with (40) gives

1

Vo S mwtin(w_) + nw= i(w_) ¢(w-)? S nw=ti(w_),
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so that
Vo + ME/3 < nw” m(w_) N 1 < 1
E? ~ (p(n—sp)m(w_))?  w_vp(n—sp)m(w_) ~ v2nw_m(w_)

This implies that Py, (v < w_) < e~vamw-1(w-) for some constant ¢ > 0.
Now, by Lemma 5, we have nw_m(w_) =< s,. Hence, recalling the definition
Uy = asﬁl/Q(log 5,)1/? from eq. (29), we deduce that v2nw_m(w_) > logs,
if the constant « is large enough, and hence the above probability is bounded

above by 8;1/2 = o(vy). O
Proof of Lemma 8. Let B be an event on which, with K,, := #{i € Sy : {; ., >
577«},
W e (w_,wy),
K < sn(pn +vn),
V)\+,w_ § E[V)\_*_,w_} + aspvn,
> E[V)\,,uur} — ASnln,

(71)

and whose complement has probability Py, (B¢) = o(vy,); note that such an event
exists by Lemmas 7, 9 and 10, the proofs of which are independent of Lemma 8.
Recall that A is characterised by the posterior FDR:

Y e (eaw)i = 1}
postlDR(r0) = 30 o) = 1)

Thus, it is enough to bound the posterior FDRs of ¢x_ 4, ¢, ,» above and
below respectively by t. We prove the upper and lower bound separately, which
suffices by a union bound.

Upper bound, postFDR (o, w) > t with probability at least 1 — o(v,). On
the event B, monotonicity (see Lemma 4) allows us to deduce that

<t = A<

postFDR (¢, w) > postFDR; (0 w_)
> postFDR,,, (¢x, w_)
> Zi€50 ﬁi,w+:ﬂ-{€i,w_ < >‘+}
- Sp + V)\Jr,w,
where to obtain the last line we have used that ZiESU 1{liw_ <Ay} < s, and
ZieSo liw, 1{l;w_ < Xy} > 0. We apply Bernstein’s inequality (see Lemma 23)

with, for some a (indeed, the same a as in (71), coming originally from Lemma 10,
works),

(72)

)

U = as,ln, Ui = —liw, WH{liw_ < Ai}, i & So.
Note that
> E[U] = —E[Va, w_ 1Bay=ollrw, | 1w < Ay,
i€So

> Var(U;) < EVi, . = sn.
i€So
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For a large enough we deduce that
P90 (Z ei,w+ﬂ{€i,w, < )\+} <
iZSo

E[WVa, w_|Bopolliw, | . < Al — asnun) < s V2 (73)

Then by a union bound we see that on an event C C B of probability at least
P(B) —spr=1 —0(vy,), the numerator in the final line of (72) is lower bounded
by

E[V/\+,w_]E90:O[£1,w+ ‘ gl,w_ < /\+] — aSpVp
=(n —sp)Fu_ (M) Eoy=o0[l1,ws | l1w_ < Ay] — aspp.

Recalling also that on B we have
Vipw. S EVaw_ |+ aspvn = (n—sn)Fy_(Ay) + aspvp,
we deduce that

(n = sn)Fw_(A)Ego=0[l1,w, | l1w_ < Af] — aspiy
S+ (n— 8p)Foy_(Ay) + aspy '

postEFDR ; (¢a,w) = 1e

Substituting for the first term in the numerator from the definition (43), we find
that, for A > (1 +t)a,

(A—(1+t)a)snvn
Sn+ (n—sn)Fuw_(Ay) + aspin

pOStFDRw(¢A+7w) > 1c (t + ) > tle,

so that indeed \ < A4, at least for n large enough, on the event C.

Lower bound, postFDR(px_w) < t with probability at least 1 — o(vy,). On
the event B, recalling (71), and using monotonicity of the ¢-values (Lemma 4)
and the fact that A_ is bounded away from zero (Lemma 6), we see that

#{’L S SO : ((p)_’uH)i = O} < #{Z S So : Emw > 5n}
< #{Z € SO : Ei,w, > 5n} = Kn < Sn(pn + Vn)-

Since £, <1 for all i, we also note that

Z Ei,uur <K, + Z on < Sn(pn +vp + 5n)
€S0 i€So
Then on B, monotonicity arguments as used for the upper bound yield
postFDR; (px_ w) < postFDR,,_(px_ w.)

Zz’eSO Zi,w—1{€i7w+ <A} 4 su(pn + vn +6n) (74)
Sp— 8p(pn +vn) + Va_ w, ’
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Applying Bernstein’s inequality as for the upper bound, here with variables
Ui = liw_1{liw, < A_}, i & So, we deduce that there is an event C’ C B of
probability at least 1 — o(v,) such that

postFDR; (o w)ler
< (n = sn)Fuw, (A)Egy=o0[l1w_ | l1w, <A_]+ sn(pn + (14 a)v, + 5n).
- 5n+(n_3n>Fw+<)‘f) — 8n(pn + (L +a)vy)

Substituting for (n — s,)Fy, (A-)Esy=0[l1,w_ | L1,w, < A—] in the numerator
from the definition (44) of A_, the right side is upper bounded by ¢ if A is large
enough, so that indeed A\_ < X on C'. O

Proof of Lemma 9. The idea is that for w of order (s, /n)(log(n/s,))*/? (which
is the case for w = w_, w4 or, with high probability, w = @), the function ¢(x; w)
defining the (-values is vanishingly small when = > \/2log(n/s,) + u, for u,

tending to infinity slowly. In contrast, for i € Sy we have |X;| > /2log(n/s,)+
vp,/2 with probability tending to 1 since X; — 6p; = &; ~ N(0,1) is bounded
in probability. Taylor expanding the square root reveals y/2log(n/s,) + u, =
2log(n/s,) + o(1) and thus will yield the claim.
Let u, = 5loglog(n/s,) and define

So={i €Sy :|X;| > +/2log(n/sn) + un}.

First, we show that So C S;. From Lemma 22 we have, for £ = (¢/g)7 !,

1/2
E(u) < (2 log(1/u) + 2loglog(1/u) + 6log 2)

The right side is decreasing in u so, recalling that w_ > s,/n (Lemma 5), we
see that & evaluated at u = (w—_/(2log(n/s,))) is upper bounded by the right
side evaluated at u = s, /(2nlog(n/s,)), hence

w_
5(210g(n/sn))
<y/2log(n/s,) + 4loglog(n/s,) + 2logloglog(n/s,) + 8log 2 + 2loglog 2
<V/2log(n/sy) + un,

for n large. Consequently we see that if |z| > y/2log(n/sy) + un, then

¢(x)/g(x) = €1 (x) > w_/(2log(n/sn)) = w_bn,

so that

lzyw_) = (1 + 1 e %(x))_l < b,

and indeed Sy C Sj.
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Next, observe, by Taylor expanding, that \/2log(n/s,) + u, = v/2log(n/s,)+
0(1). We deduce that for i € Sy \ Sz, necessarily the noise variable ¢; in (1) sat-
isfies |e;| > vp/2, so that [Sp \ S1| < |So \ S2| < N, where N is the binomial
N = #{i € Sp : |e;| > vn/2}. Applying Bernstein’s inequality (Lemma 23) with

U; = ]l{|£,»| > vn/2}, u = max(EN, un) > Z Var U;,
1€So
we see that 2
us/2

u+ u/3) = olvn),
for large enough constant « in the definition (29) of v,. Finally, note that EN =
25, ®(v,/2) < 85y, for p, = e~n/9 as defined in (32), at least for n large, as a
consequence of the standard tail bound ®(x) < ¢(z)/z < e /2asx 00, O

Pr(N > EN 4 u) < exp(—

Proof of Lemma 10. Lemma 5 tells us that w =< (s, /n)(log(n/s,))"/? for w €
{w_, w4}, and Lemma 6 tells us that 1 — A < ¢, for A € {A_,A;}. Then
Viw = Digs, H{liw < A} follows a binomial distribution, whose mean we
deduce by Lemma 18 satisfies

X

EVaw] = (n—s0)Fu(A) = (n = sp)w(l =X~ (log(1/w)) "/

(n = sn)w(log(n/s,)) "1/,

X

so that again appealing to Lemma 5, we have E[V}, ,,] < s,,. We apply Bernstein’s
inequality Lemma 23 with, for some a = a(t),

Ui =1{4; ,, < A}, U = Sy Vp.

Then }, . Var(U;) < E[V) u] < sy, so that for a constant C, larger than 1/2
for a large enough,

Py, ([Vaw — E[Vaw]| > u) < 2exp(—Clogs,) < 255,42 = o(vy,). O

Proof of Lemma 11. We prove the control (62) for E[V), .. ]; the proof for
E[Vy_._] is almost identical. The starting point is the bound w/w_ = O(1)
from Lemma 5 and we combine this with control of the functions making up
the expectation. By Lemma 18 we have EV), = (n — sp)F,(A) = 2(n —

$n)@(&(r(w, N))) for any A\, w € (0,1), where we recall the definitions r(w, \) =
wA(1 —w) 11 =A)" £ =(¢/g9)7 !, so that our goal is to bound

EVx,w,]

)
EVayw] | B A)

Write r4 = r(wy, Ay) and &4 = &(r4) (the notation &, is to link to r, not
to claim that £, > £_). As a consequence of Lemmas 5 and 6,

log(1/r_) =< log(1/r}) =< log(n/s,) = &, .
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Recalling that &(u) ~ (—2logu)'/? as u — 0 (see Lemma 22) it follows that
&4+ — 00, hence by a standard normal tail bound (also in Lemma 22) we have

0<

€+) (1+&)e o&) . max (L & o(&)
O e e oz g ey )

provided the right hand side tends to zero, using that for a,,b, — 0, (1 4+
an)(1+by) — 1 = O(max(an,by)). That £(u) ~ (—2logu)*/? as u — 0 implies
2 —1=0((log(1/r_))~1) = O(6,,). Next, by Lemma 16 we have

K| KA

hence ¢ §2 §2
ST 1= =S 0 (loe 2)73/2) = 5.).
e 1= ne v = Ol )=o)

It remains to control ¢(£4)/d(€-) — 1. By the definition of & we have

P(€+)  r+g9(€+)

o(6-)  r_g(é-)

Lemma 15 tells us that

:_+ — 1= O(max(vn, pn)),
so that it suffices to show ¢g(&4)/g(¢é-) —1 = O(d,). From the explicit definition
(7) of g, we have

g(&y) 1= €21 — e 81/2

1= 1.
9(&-) 11— /2
Observe that, for n large,
_e—E31/2 —&2/2 _ -&1)/2 )
1—e 2+ —1:6 e2+ §267£_/2.
1—e /2 1—e /2

The lower bound on ¢ in Lemma 22 implies that &(u) > /2log(1/u) for u
small, so that e < r2, which is of smaller order than §, (note that r_ =<
(5,,/n)(log(n/s,))?/? as a consequence of Lemmas 5 and 6). Noting that the
bound attained above for {_ /&, — 1 also bounds &2 /&3 — 1, we deduce that
d(&4)/p(€~) — 1 is suitably bounded and the lemma follows. O

6. Sparsity preserving procedures and optimality of the boundary

Here we make precise the claim of Section 3.1 that the condition v,, — oo in
Theorem 1 cannot be relaxed at all without weakening the conclusion of the
theorem (and correspondingly for Theorem 3).



2066 K. Abraham et al.

Define a multiple testing procedure? ¢ to be sparsity preserving at a level A,
over a set O if

sup Pgo(z ©; > Ansn) — 0. (75)

00€O i<n

One has the following (recall the definition (21) of £y(sn;b)).

Theorem (Theorem 3 in [2]). For fized b € R and a sequence (Ay)nen with
A, €2, e(log(”/sn))l/‘l], for any ¢ satisfying (75) with © = £o(sn;b), we have

sup  FNR(g;6p) = () + o(1).
00€Lo(sn;b)

In particular, the FNR of such a procedure is bounded away from zero for n
large.

We now prove that both the C¢- and g-value procedures are sparsity preserv-
ing, so that the above theorem applies to show the conclusions of Theorems 1
and 3 are impossible for v,, = b € R fixed. The following lemma will be helpful.

Lemma 12. Any procedure whose number of false positives V' satisfies, for some
event A,

sup E[V14,]=0(sn), sup Py, (AL)=o0(1),
906@ 906@

is sparsity preserving at level A, on the set © for any sequence A, — co.

Proof. Simply note that ). ¢; < s, +V, so that an application of Markov’s
inequality yields a

Poy (Y 0i > Ansn) < Po(A9) + (An — 1) s, Eg, [V1a,] = 0. O

i=1

We will also use the following result which extends key conclusions of Lem-
mas 5 and 7 to the weaker signal class £y(s,;b).

Lemma 13 (Lemmas 9 and 10 in [2]). There exist w_ < wy for which

sup P@o(w ¢ (’lU_, w+)) - 07
00€lo(sn;3b)

such that wx < (s, /n)(log(n/s,))"? and, for some constant v € (0,1/2),
> mi(fo.,wy) = (1= v)(n = s,)im(wy).
€S0

Armed with the above results, we prove that the procedures considered herein

are sparsity preserving for any sequence A,, — oo over the sets £y(s,;b) for any
b € R fixed.

2Strictly, one must consider sequences of testing procedures (") and sets ©,, in the defi-
nition; we leave this implicit.
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g-value procedure With notation as in Section 4.3, by (50) we have for w
small enough

Egy Vi = 2(n — 50)B(x(r(w, 1)) = (n — s0)r(w, 1) 2G (x(r(w, 1))

=
< C(t)(n — sp)wm(w).

Noting that mq (6o, w+) < 1/wy (see the proof of Lemma 17 and observe that
the relevant part holds for v, = b € R fixed), we deduce that for w = w defined
as in Lemma 13 we have

Eg, Vi, < C(t,v) Y wimy(fo,wy) < C'(tv)sn,
1€So

so that Lemma 12 with A,, = {® < w4} and monotonicity of Ep,V,, in w yield
the claimed sparsity-preservingness of V2!,

Cl-value procedure With Lemma 13 replacing Lemmas 5 and 7, the proofs
of Lemmas 6, 8 and 11 go through unchanged to show that there exists Ay such
that (n — s,)Fu, (A+) < Csy, for a constant C' > 0 and Py, (A > A\y) = o(1).
[Note the proofs for A_, which would require an adapted version of Lemma 9,
are not needed here.] Then Lemma 12 yields the claimed sparsity-preservingness
of ¢, since

Ego [V;\)w]l{j\ < A+71.ZJ < U].A,.}] < EQOV)\+7HJ+ = (Tl — Sn)Fer ()\4_),

which is O(s,,) as noted just above.

Remark. Similar arguments reveal that supg, ¢y, (s, ») FDR(,00) < ct+o(1) for
some constant ¢ > 0 for b € R fixed. Indeed, in the proof of Theorem 5(i) in [2],
noting that A, defined therein equals ®(b) in the current setting, it is argued
that on an event of probability tending to 1

#{i € Sy ligy <t} > su(1—B(b))/2 = 5,D(b)/2.

Recalling that A >t and using monotonicity as in the proof of Theorem 1, one
has

Vi
FDP Ce. 0n) < +, W4
(QD ) 0) = ‘/)\meJr + an)(b)/2

Taking expectations and using Jensen’s inequality for the concave map = —
z/(s,®(b)/2 + x) we obtain

+ op(1).

EVy
Ce. < +,W+
FDR(¢™36) < EVi, w, + 5n0(b)/2

+o(1).

Inserting the bound Fg, V), », < Cs, yields the claim. (We make no attempt
to obtain the sharp constant ¢, which we believe will be strictly larger than 1
in this setting.)
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Appendix A: Auxiliary results

Lemma 14. Recall the definition (49) of x are recall we write r(w,t) = wt(1l —
w)~1(1 — )~ . For universal constants c,c’ > 0, for all t € (0,1), there exists
wo(t) such that for w < wo(t),

i (w) (1 +c%) < 9C(x(r(w, 1)) < () (1 +01%> |

(76)

Proof of Lemma 1. The proof relies on the following inequalities (see Lemma 22):
for universal constants C7,Co > 0 and w small enough,

2G(¢(w))(1 = Co¢(w)7%) < m(w) < Cr((w) ™ + 2G(C(w)). (77)

Let us now prove the lower bound. By Lemma 22, for a universal constant
¢1 > 0, and w small enough (smaller than a threshold that might depend on t),

C(w) = x(r(w,t)) > 01%. Hence, since ¢ in nonincreasing on a vicinity
of +00, we have for w small enough

— _ ¢(w)
Gt ) ~Ge(w) = [ gy

> (C(w) = x(r(w, 1)) g(¢(w))
loglog(1/w)
Glw)

for a universal constant ¢} > 0. Combining the last display with (77) leads to

loglog(1/w)
¢ (w)

%

/
€1

m(w) < CC(w) > +2G(x(r(w,1))) - 2¢;

< 2C(x(r(w.1))) — W

for w small enough. The lower bound now follows from m(w) =< 1/{(w) and
C(w) =< (log(1/w))Y/? (see Lemma, 22).

For the upper bound part, we proceed similarly: let us first prove that, for
an universal constant ¢ > 0, for w small enough (smaller than a threshold that
might depend on t),

loglog(1/w)
((w)

This comes from Lemma 22: for w small enough,

((w) = x(r(w,t)) < ez (78)

C(w)* = x(r(w,t))* < 2log(1/w) + 2loglog(1/w) — 2log((1 — w)(1 = t)/(tw))
+log(log((1 —w)(1 —t)/(tw))) + C + C’ < 4loglog(1/w).
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This leads to (78). Now, proceeding as for the lower bound, we have

— _ C(w)
Gix(r(w, ) =G = [ gy

< (Cw) = x(r(w, 1)) g(x(r(w,1)))
< goslutifo)
Combining the latter with (77) gives
log log(1/w)
Glw) 7
which implies the upper bound. O

Lemma 15. Define wy as in (40) and (41), define Ay as in (43), and recall
the definitions (29) and (32) of vn, pn and (48) of r. Then

2G (x(r(w, t)) < m(w)(1 — Cal(w) ™)™ + 26,

wi /w_ —1 = O(max(vp, pn)), — 1 =0(max(vn, pn)).
Proof. We have w; > w_ (Lemma 5), hence we focus on bounding wy /w_ —
1 from above. Since Lemma 5 also implies that log(l/w_) =< log(l/wy) =
log(n/sy), we use Lemma 17 to bound m; in the definitions (40) and (41) of
w_ and w4, and deduce that

(L= vn)(n — sp)wim(wy)
(1 +vp)(n — sp)w_m(w-)

Sn;s

Sn(l— pp).

(AVARVAN

Taking the ratio, we deduce that

wym(w) -1 -1
— T < (1- 1 1-— .
w_m(w_) = ( vn) " (14 v)( Pn)

Then, since wy > w_ and m is increasing, we see that

Wi g W) max(im, o),
w_ w_m(w_)

as claimed.
Finally, since w4, w_ — 0, we deduce that
1—w_ (we/w_) —1

1—wy —1= (1—wg)/w_

— owy jw_ — 1),

Mfle(max(%fl,% *1)> = O(max(vn,pn)). O
- — w4
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Lemma 16. Define wy, Ay, &, 1 as in (40), (41), (43), (44), (48) and (64).
Then

E(r(w—, Ay))* —&(r(wy, Ay))? = O(1)

Proof. Write 14+ = r(wx, ;) and &4 = £(ry). Lemma 22 gives us the near
matching upper and lower bounds on £ that for u € (0, 1) small enough we have

£(u) < (2log(1/u) + 2loglog(1/u) + 6log2)/?,
£(u) > (2log(1/u) + 2loglog(1/u) + 2log 2)/2.

Using these bounds and monotonicity of £ := (¢/g)~! (which follows from the
fact that of ¢/g is decreasing on x > 0 as in Lemma 4) we deduce that

0<¢& - < 210g<:—+) + 2loglog(1/r_) — 2loglog(1/ry) +4log2. (79)

Observe that

log(1/r )y _ log(r-/r)
10g(1/r+)) = log 1+ Tog(1/rL) )

Using the standard bound log(1 + z) < z for > —1 and the fact that ry — 0
(by Lemmas 5 and 6), this last expression is upper bounded by

loglog(1/r_) —loglog(1/ry) = log<

log(ry /r-)
log(1/7+)

and, using Lemma 15, we similarly have

= o(log(r./r-)),

log(ry./r—) < = =1 = O(max(vn, pa)) = o(1).

Inserting into (79) we see that &2 — &2 = O(1), as claimed. O

Lemma 17. There exist constants wg € (0,1) and ¢,/ > 0 such that for any

sequence sp/n — 0 and v, — oo, for all Oy € Ly(sp,vy), for any i such that
6o,; # 0, we have for any w € [s,/n,wo),

(1= pn)w™ " < mi(bo,,w) <w™t, (80)

c(log(1/w))~* < m(w) < ¢ (log(1/w)) /2, (81)

where we recall that p, = e~"*/% as in (32).

Proof. Lemma 22 tells us that m(w) < ¢(w)~" and ¢{(w) ~ (2log(1/w))~ /2,
yielding (81). It also tells us, regarding m;, that there exists ¢; > 0 such that
for all z € R and all w € (0,1],

my(z,w) < min(w, )™t (82)

so that the upper bound in (80) is immediate upon choosing wg = min(ey, 1).
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It remains to show the lower bound on my. This lower bound is a sharpening
of Lemma S-29 in [17] and is proved similarly. By assumption, if, for some i,
|60.i| # 0, then we may assume by symmetry of m; that yu = 6p; > 0 and we

further have
= +/2log(n/sn) + vn.

Un

Writing p = p(n,w) = <) and a = 1 + 0.5p, using monotonicity of ¢/g and
hence of 8 (Lemma 4), we have for w such that w|3(0)| < 1/2,

wp(x acw) Bz
Blz) ¢(w*u)dz+/ Blz) ¢z — p)dx

wmy (p, w) = /|$|>ac(w) 1+ wh(x) —ag(w) 1+ wB(z)
Cwh(z) - a¢(w) B
§ /w>a<<w> L+ wﬂ(x)¢(x widz /_ac(m Pl — p)da

wHaC(w)) G Bacte)
> T oty 2O = 1) = (1= B(aC(w) — ).

Increasingness of 8 implies that ¢ is decreasing, so that also using Lemma 22
and a Taylor expansion, we have, for some A,, — 0,

al(w) — p < ((w) — +/2log(n/sy) — 0.5v, < {(sn/n) —+/2log(n/s,) — 0.50,

<A, —0.5v,.
By standard properties of ®, including the tail bound ®(z) =< ¢(x)/z,

1— (A, — 0.50,) = B(0.50, — A,) < e~ (O-Fvn—2n)%/2
< e_(0'5”")2/26”"A"/2 < P

In particular, we have, for n large,
1—®(al(w) — p) <1—d(A, —0.50,) < pn/3.

Additionally, wB(al(w)) = B(ac(w))/B(Cw) = ((9/8)ac(w) — 1)/((9/6)
({(w)) — 1) tends quickly to infinity:

g(al(w)) S(C(w) - (Cw))
whlac(w)) 270 e ) dlatw)) ~ Bal(w))
_ 6(a"‘71)§(w)2/2 > evio.s"‘/z > pgl.

In particular, we see that, for n large,

wplaCw)) .1 o
T+ wh(al(w) 1+ whal@)) = whal(w))

Inserting these bounds we find that

>1—pn/3.

wmy (g, w) = (1= pp/3)(L = pn/3) = pn/3 = 1 = py. O
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The following two technical lemmas give precise bounds on F,()\) and on
Eo,—o[l1,w | {14 < A] for suitable w,w’ and A which are essential to obtaining
the convergence rates in Theorem 2.

Lemma 18. The function F,(X) = Py, ,—o(ls,w < A) is continuous and strictly
increasing in A. Assume that w = w, and A\ = A, € (0,1) satisfy A — 1 and
w/(1 —X) — 0. Then

Fu(A) = 28(E(r(w,A)) = w(l — A) " (log((1 = A) /w)) =2

as n — oo, where & = (¢/g)~ " and r(w,t) = w(l —w) (1 —t)~L. If in fact
w/(1 —A) = 0 for some ¢ < 1 then

Fu(3) = w(l = X)~ (log(1/w)) /2.
Proof. A direct calculation, as needed also in proving Lemma 4, yields
liw(X) <t = |Xi| 2 {(r(w,1)), (83)

so that F,(z) = 2®(&(r(w,))) as claimed and hence F,, is continuous.

Next, we use a standard Gaussian tail bound, the definition of £, the definition
(7) of g in the quasi-Cauchy case, the fact that r(w,\) < w/(1 — ) as w — 0
and A — 1, and the fact that £(u) =< (log(1/u))"/? as u — 0 (see Lemma 22) to
see that

(
X

r(w, N)E(r(w, A)) ™

1 iUA(log(l ;A))iw’

as claimed. Note that log((1—M\)/w) < log(1/w), and that when w®/(1—X) — 0
we have log((1 — \)/w) 2 log(1/w'=¢) =< log(1/w). O

¢

Lemma 19. Suppose for sequences wi = Wy n, W2 = wa, and A = A, taking
values in [0,1] that A — 1, that both wy/wy and wi/we are bounded, and that
w$/(1—=A) = 0 for some ¢ < 1. Then

1 — Egy—o[lr.,(X) | L1, (X) < A] = (1= N log(1/(1 — ),

Let us also note here that for fized w1, wa, Egy=0[l1,uw,(X) | {10, (X) < A] is
continuous in .

Proof. Recall the definitions 5(z) = 4(z) — 1, ((w) = B7H1/w), € = (¢/g)7 L,
and recall that ¢4, (X) < A if and only if |X1]| > &(r(w, \)), see (83). Using
symmetry of the densities ¢ and g we see that for all wy,ws € (0,1),

oo (L—w1)é(z)
fguq (17w1)¢>(a:)+w1g(w) ¢(x) dx

D (Ew,) ’

EO(}:U[[LUH (X) “glﬂm (X) < >‘] =
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where we have introduced the notation &,, := &(r(ws, \)). The expression on
the right is continuous at any A such that the denominator is bounded away from
zero, i.e. at any A # 0, hence the same is true of the conditional expectation.

Write hy, () = w1 B(x)¢(z)/(1 + w1 B(x)). For wy, we small enough, the fol-
lowing bounds hold:

(;5(%)/2 < hy, (SIJ) < ¢($)7 T € [C(wl)a OO)?
w1g(z)/4 < hy, (7) < wig(x) T € [§uw,, C(w1)].

To obtain these inequalities we have used monotonicity of ¢/g and hence 3,
and the fact that S({(w)) = 1/w. The first inequalities then follow from the

expression Ay, (x) = (J’;ff Ef(l))qﬁ(mx while the latter inequalities result from
the expression hy, () = wig(z) (‘5S4 and the fact that (¢/g)(z) < 1/2

for z large enough. By assumption there exists C' > 0 such that w; < Cws for
all n large enough, and note that also A > C/(C + 1) by further increasing n if
necessary. Recalling the relationship (66) and using that decreasingness of ¢/g
(Lemma 4) implies the same of £ = (¢/g)~!, we then have

C(wr) = &(w1 /(1 +w1)) = §(w1) = §(Cw2) = &(r(w2, A)) = &uws,-
In addition, since g is decreasing for x large, we have

wlg(C(wl))/4 < hwl (SU) < wlg(gu&)a MS [ngaC(wl)]‘
Then

o o(z)
/ 0= wn)o(@) +wngl) 5 4

w2

& 1
- /5“,2 T 0B ¢(z) dx

= o(z)dx — ha, (z) d
. (z)dz /5w2 (z)dx

=0 (&y,) — /C(wl) ha, () doe — /OO ha, (x) dx

E'UJQ C(wl)

Zci)(fwz) - (C(wl) - fwz)wlg(fwz) - (I)(C(wl))-

We can similarly upper bound the integral, so we deduce the inequalities

(1—wy)[= =
B [Blw) — BC(wa)) = (Cwr) — EusJung €]
< Byl (X) | 103 (X) < N (84)
(1 —wi) [ 1. 1
< ey (B ) — 5(Cw) = 7w G Jurg(Clun)]

Now, let us study in detail the order of each term. First, usual normal tail
bounds, the definition of ¢, the definition (7) of g in the quasi-Cauchy case
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and Lemma 22 (which tells us that ¢(w)? =< log(1/w)) imply that for w; small
enough

B(((wn)) = ¢(§C(SZ1))) - 151(5((;011)))

= wiC(wy) ™% =< wy (log(1/wy)) %2

Similarly to the proof of Lemma 18, observe that (1 — \)/wy > w$™! and for n
large and hence that log((1 — A)/w2) =< log(1/wy). Using the definition of £ and
Lemma 22 (which tells us that &(u)? < log(1/u)), we then obtain

5 _ Pws) _ 9(Ew,) _ w2 5w 1— Ay -3/
P (Ew,) =< s =r(wa, ) fon 1N o = 1_/\(log( v ))

wy

=T (log(l/wl))3/2

We deduce that 0 < ®(C(wy))/P(€w,) ST — A
We apply Lemma 20 with w = w; and with ¢ € (0,1) such that r(w,t) =
r(wz, A). Observing that

—
—
|
g

flry

1-1¢
so that w$/(1 —t) — 0, we deduce that

o) — 6, = Jo8(1/0L= ) log(1/(1 - )
27 (log(L/w1))1/2 = (log(1/wy))Y/2"

Again using that log((1 — A)/ws) =< log(1/wy), it follows that

(C(w1) =&uwy )wr1g(¢(w1)) < (C(W1) =&y )w19(Ewy) X (1=A) log(1/(1=A)) @ (Ew, ),

since we showed above that wy (1—X\)"!(log(1/w;))~%/? < ®(&,,). Feeding these
bounds into (84) yields that for some ¢y, ¢q,¢5 >0

1-— EQO [El,wl | Zsz < )\] > wy + Cl(l — wl)((l — )\) log(l/(l — )\)),
1= FEp[l1w; | lrws <A <wi+ca(l—A)+e3((1—N)log(1/(1—N)).

The lower bound follows upon discarding the term w; and noting that 1 —w; >
1/2 for n large; for the upper bound we note that wy + ca(1 — A) = o((1 —

A)log(1/(1 = N))). d

Lemma 20. Suppose for sequences w = wy, and t = t,, taking values in [0, 1]
that t — 1 and w°/(1 —t) — 0 for some ¢ < 1. Then ((w) — &(r(w,t)) > 0 for
n large enough and, as n — oo,

_ log(1/(1—1))

((w) = &(r(w, ) < (log(1/u))i/2"

(85)
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Proof. For 1 —t < 1/2 and w/(1 —t) < 0.5, we have r(w,t) = (l_éﬁ >
2L > 0.57%, so that loglog(1/r(w, t)) < log(log(2) +log((1 —t)/w) < log(2) +
log log((1 — t)/w). Hence, using bounds on ¢ and £ from Lemma 22 and noting
that log(1/w) > log((1 —t)/w) and that log(1/(1 — w)) is bounded, we see that

for 1 —t and w/(1 — t) small enough we have for constants ¢, ¢/

((w)? = &(r(w,1))?
22log(%) + 210glog( ) +c— (210g(r( )) +210glog( w )) —|—610g2>
221og((1 ) + 2loglog(1 /) hon((— /) +
>2log(1/(1 — 1)) +
>log(1/(1 —1)).

Conversely, for w < 1/2; we have r(w,t) = m < 27%;, so that

loglog(1/r(w,t)) > log(log(0.5) +log((1 —t)/w) > log(0.5) +loglog((1 —t)/w),

provided n is large enough that log((1 — ¢)/w) + log(0.5) > 0.5log((1 — t)/w).
Note also, as in the proof of Lemma 18 that the condition on w§/(1 —\) — 0
implies that log(1/w)/log((1 —t)/w) is bounded. Again using bounds on ¢ and
¢ from Lemma 22, for 1 — ¢ and w/(1 — t) small enough we deduce that for
constants C,C’, C" we have

((w)? = &(r(w,1))?
§210g(%) + 210g10g($) +C - (2log(r )) + 210g10g( )) + 210g2)

<2log(t/(1 — 1)) + 2log(log(1/w)/log((1 — t) /w)) + C"
<2log(1/(1—1t)) +C".

This entails log(t/(1 — )
. 198 -
C(w) - f(r(w,t)) - C(w) ¥ f(r(w,t))’
and the result thus follows from ((w) < ((w) + &(r(w,t)) < 2¢(w) (the latter
being implied by the above calculations) and ¢(w) < (log(1/w))/2. O

Lemma 21. For any 8 > 0 there exists c1 = c1(8) > 0 such that for any
sn > c1(logn)?/loglogn satisfying n/s, — oo we have for n large enough

loglog(n/sn) < a(log sn>1/2
IOg(n/sn) Sn '

Consequently, the conclusions of Theorem 2 hold upon replacing the assumption
sn > (logn)® with s, > b(logn)?/loglogn for some large enough b.

Proof. Write

_ loglog(n/s) _ (logs\1/2
= gty 1= (50)
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Since u~tlogu < (u')"tlogu’ for u > v’ > e, we see that p(s,) > p(1) (apply
with v = logn, v’ = log(n/s,), and note v/ > e for n large enough since
n/s, — o0). Similarly we notice that ¢ is decreasing, at least on s > e, so that
q(s_) > q(s,) for s_ := c;(logn)?/loglogn. It therefore suffices to show that
p(1) > Bals.).

Observe that for n large enough we have s_ < (logn)?, hence logs_ <
2loglogn. It follows that s_/logs_ > ¢ (logn/loglogn)?. Thus,

z> 1/2]oglogn

als-) < ( = (e1/2)7/2p(1).

c1 logn

The result follows for ¢; = 2/32.

To see that the proof of Theorem 2 holds under the weaker condition on s,
note that the lower bound on s, was not assumed for any of the core lemmas,
and in the proof of the theorem itself was only used to show that for any g > 0,
vn, < Bey, for n large enough. O

Finally, for the reader’s convenience, we gather some results together whose
proofs are omitted because they can be found elsewhere. The following lemma
collects results from [17]; we remark that while the setting of that paper assumes
polynomial sparsity, the results gathered here do not depend on that assumption.
Some of the following results are originally stated with dependence on g and a
related parameter x € [1,2]; here, with g explicitly given in (7), we substitute
= 2 and use the bounds |g||,, = sup,|g(z)| < 1/v27 and 272/(2v27) <

g(z) < x72/V2r for |z| > 2 to simplify expressions.

Lemma 22 (Results from [17]).  a. Lemma S-10: £; 4, (X) > giw_(X).
b. Lemma S-12: £(u) ~ (2log(1/u))'/2, and more precisely, for u small
enough,

&(u) > (2 log(1/u) + 2loglog(1/u) 4+ 2log 2) 2
E(u) < (2 log(1/u) + 2loglog(1/u) 4+ 6log 2) 1/2.

c. Lemma S-14: ((w) ~ (2log(1/w))'/2. More precisely, for constants c,C €
R and for w small enough,

(2log(1/w) + 2loglog(1/w) + 0)1/2
< ((w) < (2log(1/w) + 2loglog(1/w) + C)*/2.

d. Proof of Lemma S-15: ((w) — x(r(w,t)) > 61% for a universal
constant ¢y > 0, for w small enough (smaller than a threshold that might
depend on t).

e. Eq. (S-15): for some constant C' > 0 and u € (0,1] small enough,

X(u) > (2log(1/u) — loglog(1/u) — C")"/%.
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f. Lemma S-20: there exists ¢y > 0 such that for any x € R and w € (0,1],
B(z)/(1 +wp(@))] < (wAer)™

g. Lemma S-21: there exists ¢y > 0 such that mi(z,w) < (min(cy, w))~! for
all x € R. The function m is continuous, non-negative and increasing. For
any fized T the function w — my(T,w) is continuous and decreasing.

h. Lemma S-23: m(w) < ¢(w)g(¢(w)) < ¢(w)~L.

i. Proof of Lemma S-23: for universal constants C1,Cs > 0 and w small
enough, m(w) < C1C (1)~ 34+2C(C(w)) and m(w) > 2G(C (1)) (1-Cac (w)~3),

j. Lemma S-26, Corollary S-28: for ma(0o.;, w) = Eg, (B(X;)/[1+wB(X,)])?,
there exist constants C,wqg, Mgy > 0 such that for allw < wy and all T > M,

my(0,w) < CO(¢(w))w?,
ma(T,w) < le(T,w)w_1

k. Lemma S-40: ®(z) ~ 2~ 1¢(x) as x — co. More precisely,

2

T A) gy < A2

1+22 =z T

Lemma 23 (Bernstein’s inequality). Let U;,i < n be independent random vari-
ables taking values in [0,1]. Then, for any u > 0,

P(Z(Ui - EU]) = U) = exp(‘ ST vgr(/UZi) + u/3)’

i=1

and
p(y;m D EDE zexp(z?_lvjﬁ) )

Appendix B: Notation

X = (Xy,...,X,) the data, with X; = ; +¢;, where the ¢; are i.i.d. Gaussians
E; ~ N(O, 1).

6o the unknown true parameter in £y(8,,v,).

Py, the law of X with parameter 0y, Ep, the associated expectation.

lo(s) ={0eRY . #{1<i<n:0; #0} = 1011, < s}

So = {i: 6, # 0} the support of the vector 0y € £o(s).

Lo(Sn,vn) = {0 € ly(sn) : 16i] = \/2log(n/s,) + v, for i € Sy, |So| = sn}, with
Sp — 00,n/8y — 00, vy — 00. (And s, > (logn)3, vy, 23(loglog(n/sn))1/2
for Theorems 2 and 3.)

IT,, the spike-and-slab prior (6), under which §; = 0 with probability 1 — w
and is drawn from some (implicitly defined) density v with probability w,
independently of the other 0;.

I, (- | X) the induced posterior on 6, see before (8).

¢, g the standard Gaussian density and the quasi-Cauchy density
glx) = (2m)~Y2272(1 — 6712/2) which respectively are the laws of X;
under #; = 0 and under ; ~ 7.



2078 K. Abraham et al.

®,G the upper tail distributions for ¢, g, e.g. ®(z) = [ @(t) dt.
li (X

)= =1Lu(0i =0 ] X) = l(w; X;) = 7= u€)1¢(1§()(§3-)1(ug(X - Also just denoted

¢; ,, in places.

Giw(X) =qw; X;) = = w§<11><|1§c)(|b>(ﬁg(|x y asin (18). Also just denoted ¢; ,, at

times.
L(w) the log-likelihood (10), S(w) = L'(w) = Y>.°, B(X;)/(1 + wB(X;)) the
score function.

Blx) = (g9/d)(x) — 1.

((w) =71 (1/w), w %(Oa 1.

£=(/9) ", x=(2/G)"".

m(w) = —Ep[B(X)/(1+wB(X))] = *f B(t)/(1+wp(t))p(t) dt

1 (7, w) :Ef[ﬁ(X)/(1+w5 = [7. B() 1+w5( ))éf’(t*T)
r(w,t) = wt(l —w) (1 - t)*l.

Fu(x) = Pyy=o(li,w(X) < ) = 28(¢(r(w,x))).

FDP,FDR, FNR the usual false discovery proportion, false discovery rate, and
false negative rate, see (3)—(5).

BFDR the Bayesian FDR, i.e. the FDR averaged over draws 6 from the prior
(see (11)).

POStFDR,, () = Epun, (x[FDP(p;0)] = &ighrs?t.

W = argmax,,c /n,1] L(w), the maximum likelihood estimator for w.

w4 quantities which will be used to upper and lower bound w with high prob-
ability, defined in (40) and (41).

A =sup{\ € [0,1] : postFDRy; (px.0) < t}.

A+ quantities which will be used to upper and lower bound \ with high prob-
ability, defined in (43) and (44).

WA,w(X) = (l{gi,w(X> < A})iﬁn'

¢t = P50 (see also the beginning of Section 1.3.2 for a direct definition).

e = (1{qi0 < t})1<i<n-

Vaw = #{i & So : iy < A} the number of false discoveries made by @ 4.

= #{Z Z So : Gi,w < t}'

Vny Ons Py €n se (29)-(32) (vn = (sn/logs,) 2, 6, = (log(n/sn))™t, en =
on loglog(n/sy), pn = e~ Un/? with v, the signal strength as in (21)). In
the setting of Theorem 2, €, is the largest of these asymptotically, see (34)
and (35).

K, :#{Z € SO : gi,w_ < 5n}

<, 2, =, ~, &, 0,0: For sequences ay, by, a, < by, or a, = O(b,) means (b,, >0

and) there exists a constant C s.t. |a,| < Cb,, and C is independent of

n (and other arguments of a,b). a,, = b, means b, < a,. a, < b, means

a, < b, and a, 2 b,. a, ~ b, means a,/b, — 1, and a, < b, or

an = o(b,) means a,/b, — 0. For functions f,g, all these relations are

defined correspondingly.
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