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The detection of weak and rare effects in large amounts of data arises
in a number of modern data analysis problems. Known results show that in
this situation the potential of statistical inference is severely limited by the
large-scale multiple testing that is inherent in these problems. Here, we show
that fundamentally more powerful statistical inference is possible when there
is some structure in the signal that can be exploited, for example, if the signal
is clustered in many small blocks, as is the case in some relevant applica-
tions. We derive the detection boundary in such a situation where we allow
both the number of blocks and the block length to grow polynomially with
sample size. We derive these results both for the univariate and the multi-
variate settings as well as for the problem of detecting clusters in a network.
These results recover as special cases the sparse signal detection problem
(Ann. Statist. 32 (2004) 962–994) where there is no structure in the signal,
as well as the scan problem (Statist. Sinica 23 (2013) 409–428) where the
signal comprises a single interval. We develop methodology that allows opti-
mal adaptive detection in the general setting, thus exploiting the structure if
it is present without incurring a relevant penalty in the case where there is no
structure. The advantage of this methodology can be considerable, as in the
case of no structure the means need to increase at the rate

√
logn to ensure

detection, while the presence of structure allows detection even if the means
decrease at a polynomial rate.

1. Introduction. The problem of detecting a signal, such as an elevated mean, in a high-
dimensional vector of Gaussian observations has been of considerable interest as it serves as
the statistical model for the multiple testing of a large number of hypotheses. This problem
has been studied in detail for the important setting where the signal is sparse and weak; see
Section 1.1. An important result of this research is that detection of the signal is impossible
unless the signal mean is at least of the order

√
logn, where n is the sample size. This is a

somewhat discouraging result in the context of typical statistical inference problems, where
a larger sample size usually allows to detect a smaller mean. In fact, there is an earlier body
of research that considers the above detection problem in the case where the signal is aligned
consecutively in an interval rather than scattered at random. It can be shown that in this
“block signal detection problem” it is possible to detect much smaller means: scan statistics
can detect means that are sparse and weak and yet may decrease at a rate that is polynomial
in n; see Section 5 below. The stark contrast between these two results suggests that it may be
possible to perform statistical inference in the sparse and weak setting that is more powerful
in a fundamental and relevant way, provided there is some kind of structure in the signal that
can be exploited.
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This paper develops methodology that is adaptive to such structure, that is, it automatically
exploits structure that may be present in the data. We consider a model where the signal is
comprised of potentially many small blocks that are scattered at random in the sequence, the
“multiple blocks detection problem.” Two examples of such data are:

(i) (Epidemic) Each location represents a one kilometer by one kilometer square and
the proportion of citizens that is diseased is measured in each location. When there is a
disease outbreak in the city, many independent “areas” will have unusual high values, where
“area” is defined as a two-dimensional block of locations. The task is to detect whether there
is a disease outbreak or not; see, for example, Chan (2009), Gangnon and Clayton (2001),
Kulldorff (1999), Walther (2010). In this example, the structure is “spatial.”

(ii) (Financial) On each timestamp, we measure the predictive power of a particular tech-
nical indicator for S&P 500. Many periods with unusual high predictive power indicate the
potential usefulness of the technical indicator for future trading, where “period” is defined as
a block of timestamps. The task is to detect whether the technical indicator is useful or not.
In this example, the structure is “temporal.”

In this paper, we analyze the general setting of the multiple blocks detection problem where
both the number of blocks and the block length can grow polynomially with the sample size.
Note that this model contains both the sparse signal detection problem as well as the block
signal detection problem as special cases. We establish the detection boundary in this setting
and introduce methodology that allows optimal adaptive detection. That is, the methodology
introduced below will automatically utilize such structure if it is present and provide optimal
detection both when structure is present and when it is not. Therefore, this methodology
is preferable whether prior information about the number of blocks or the block length is
available or not.

1.1. Review of sparse signal detection. Consider an n-dimensional Gaussian vector with
components

(1) Xi = μ1{�1,...,�m}(i) + Zi, i = 1, . . . , n,

where the Zi are i.i.d. standard normal random variables and the m = n1−β , 0 < β ≤ 1,
signal locations �1, . . . , �m are randomly drawn from {1,2, . . . n} without replacement. We
are testing whether H0 : μ = 0 versus H1 : μ = μ(n) > 0.

This sparse signal model (or the closely related sparse heterogenous mixture model where
m ∼ Bin(n,n−β)) has been investigated by Cai, Jeng and Jin (2011), Donoho and Jin (2004),
Ingster (1997), Ingster (1998), Ingster and Suslina (2002). The extension to the case of depen-
dent observations was investigated in Delaigle and Hall (2009), Hall and Jin (2010), Zhong,
Chen and Xu (2013). In a related context, Ingster, Pouet and Tsybakov (2009) consider the
problem of classifying a high-dimensional vector from (1) as null or alternative, based on a
training sample of several i.i.d. vectors from the alternative, and they derive a sharp classi-
fication boundary and classifiers attaining this boundary. Verzelen and Arias-Castro (2017)
consider the setting where one observes several i.i.d. copies of a high-dimensional vector
from a mixture of two Gaussians, assuming that the difference vector of the two Gaussian
means is sparse. They consider the problems of testing whether the difference in mean is zero
and estimating which coordinates of the difference are nonzero, and they derive minimax
lower bounds and propose a number of methods, which attain these bounds.

In the testing problem for model (1), it turns out that there is a threshold effect for the likeli-
hood ratio test. In the sparse regime where 1

2 < β ≤ 1, one calibrates μ = μ(n) = √
2r logn,
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where 0 < r ≤ 1. By Donoho and Jin (2004), Ingster (1997), Ingster (1998), the detection
boundary is defined as

(2) ρ∗(β) =

⎧⎪⎪⎨
⎪⎪⎩

β − 1

2

1

2
< β ≤ 3

4
,

(1 −
√

1 − β)2 3

4
< β ≤ 1.

If r > ρ∗(β), then H0 and H1 separate asymptotically, that is, the elevated mean can be
detected with asymptotic probability one, while if r < ρ∗(β), then H0 and H1 merge asymp-
totically, that is, it is impossible to detect the elevated mean with power larger than the signif-
icance level. Unfortunately, the likelihood ratio test requires a precise specification of r and
β , so one would like to have a method which is adaptive to the unknown r and β and perform
as well as the likelihood ratio test.

Ingster and Suslina (2002) introduced such an adaptive method by combining three differ-
ent procedures, while Donoho and Jin (2004) proposed the following higher criticism (HC):

(3) HCn = max
1≤i≤ n

2

√
n

i
n

− p(i)√
p(i)(1 − p(i))

,

where pi := �̄(Xi) is the p-value for Xi and the p(i) denote the p-values sorted in increasing
order. It can be shown that HC can attain the detection boundary so it is optimal for sparse
signal detection: HC will separate the two hypotheses asymptotically whenever the likelihood
ratio test can asymptotically separate the two hypotheses.

Another popular choice is called Berk–Jones statistic (BJ), which is defined as follows:

(4) BJn = max
1≤i≤ n

2

(
i log

i

np(i)

+ (n − i) log
1 − i

n

1 − p(i)

)
1
(
p(i) <

i

n

)
,

BJ is also optimal for sparse signal detection (see Donoho and Jin (2004)), and its finite sam-
ple performance appears to be better than that of HC; see Li and Siegmund (2015), Walther
(2013).

Some alternative tests were studied in Jager and Wellner (2007), Walther (2013), Zhong,
Chen and Xu (2013). In particular, Jager and Wellner (2007) have shown that all members of
the φ-divergence family S+

n (s), s ∈ [−1,2] attain the detection boundary (2), where S+
n (s) =

nmax1≤i≤ n
2
Ks(

i
n
,p(i))1(p(i) < i

n
) and Ks(·, ·) is given in Jager and Wellner (2007). This

family contains as special cases the Berk–Jones statistic (s = 1) and for s = 2 a statistic that
is equivalent to the higher criticism: S+

n (2) = 1
2(HC+

n )2.
Cai, Jeng and Jin (2011), Ingster and Suslina (2002) extend the detection boundary to

the case 0 < β < 1
2 , which Cai, Jeng and Jin (2011) call the dense regime (the designation

moderately sparse in Ingster, Pouet and Tsybakov (2009) is perhaps more apt), and they show
that there is also a threshold effect for the likelihood ratio test. In the dense case, one needs
to calibrate μ = μ(n) = nr . Then the detection boundary is defined as

(5) ρ∗(β) = β − 1

2
.

If r > ρ∗(β), H0 and H1 separate asymptotically and if r < ρ∗(β), H0 and H1 merge asymp-
totically. It is shown in Cai, Jeng and Jin (2011) that HC is also optimal for detection in the
dense case. Note that the dense case is much less challenging since even a simple z-test will
do very well; see Ingster and Suslina (2002).
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1.2. Organization of the paper and notation. In Section 2, we introduce the definition of
the multiple blocks model and derive the detection boundary for this model. In Section 3, we
propose procedures for detection in this model, namely the structured higher criticism and
structured Berk–Jones statistics, and more generally the family of structured φ-divergences,
and we evaluate their properties under the null distribution. This section also derives tail
bounds for the higher criticism and Berk–Jones statistics, which may be of independent in-
terest. In Section 4, we establish the optimality of these statistics for the multiple blocks
model. In Section 5, we compare the performance of structured higher criticism and struc-
tured Berk–Jones statistics with other methods. In Section 6, a simulation study is carried
out to illustrate our results. Section 7 treats the multivariate case, and Section 8 deals with
clusters in a network. Section 9 addresses composite alternatives. In Section 10, we discuss
some possible extensions and future research topics. All proofs of the main theorems and
propositions are in Section 11. Some technical arguments are deferred to the Appendix.

We denote the number of design points contained in a set I by |I |. For the half-open
intervals and rectangles we consider here, this will typically be equal to the Lebesgue measure
of I . Ln denotes terms satisfying logLn = o(logn), which may vary from place to place. Note
that for all fixed ε > 0, Lnn

ε → ∞ and Lnn
−ε → 0 as n → ∞. We employ the usual Op

and op notation for a sequence of random variables Xn and in addition write Xn = �p(an) if
for every ε ∈ (0,1) there exists a finite M > 0 such that P(|Xn/an| < M) < ε for all n that
are large enough. In this paper, logn is used for the natural logarithm while log2 n is used for
logarithm to the base 2.

2. The multiple blocks model. The sparse signal model (1) posits that there is no struc-
ture in the signal. However, it turns out that if some structure does exist, then the detection
problem becomes easier in a fundamental way and a much better result is attainable. Specifi-
cally, in this paper, we consider the situation where the signal is clustered into multiple blocks
with unknown length. We call this the multiple blocks model:

(6) Xi = μ1⋃m
g=1 Ig

(i) + Zi, i = 1, . . . , n,

where the Ig are mutually disjoint intervals at random locations and the Zi are i.i.d. standard
normal random variables. The difficulty of this detection problem depends on the size of μ,
the number m of blocks and the minimum block length ming |Ig|. In order to derive a succinct
theoretical result about the detection boundary, we let the number of blocks m = n1−α−β and
assume that each of the unknown blocks Ig has equal length |Ig| = nα , g = 1, . . . ,m, where
0 ≤ α < 1 and 0 < α + β ≤ 1. The task is to test H0 : μ = 0 versus H1 : μ = μ(n) > 0. All of
the following results can be reformulated for unequal block lengths in terms of ming |Ig| by
using a minimax statements for lower bounds.

If α = 0, then |Ig| = 1 for all g = 1, . . . ,m and we obtain the sparse signal model (1).
If α = 1 − β , then we only have m = 1 block, and our problem reduces to the block signal
detection model (11) discussed below. Thus our multiple blocks model is a generalization of
both the sparse signal detection problem and the block signal detection problem.

Another special case of the multiple blocks model is investigated by Jeng, Cai and Li
(2010). They use a likelihood ratio selection procedure for detecting very sparse and very
short segments of elevated means, that is, both the number and the lengths of segments grow
at most logarithmically with sample size. Their results suggest that this likelihood procedure
will not be able to attain the detection boundary for the more general model considered here.

The multiple blocks model describes a situation where the signal arises in many locations
in the form of small clusters. While this model can be analyzed with HC or BJ, the results in
Sections 1.1 and 5 suggest that such an analysis would be quite suboptimal: In the sparse case
β > 1

2 , HC and BJ require that each of the n1−β signal means is of size at least
√

c(β) logn for
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some constant c(β). In contrast, if the n1−β signal means are aligned in one single interval,

then a certain scan statistic will detect signal means as small as
√

2β logn

n(1−β)/2 , which is a drastically
smaller threshold; see Section 5. This is due to the square root law, which the scan exploits
in this situation. These results suggest that likewise in the multiple blocks model it should be
possible to drastically improve upon the power of HC and BJ by exploiting the structure of
the signal. It will be shown below how this can be done by introducing the structured HC and
BJ statistics. To this end, we first derive the detection boundary for this problem.

2.1. The detection boundary for the multiple blocks model. As in the sparse signal detec-
tion problem, the calibration of the detection boundary differs in the sparse and in the dense
case, but the sparse case is now defined by the condition β

1−α
> 1

2 .

THEOREM 2.1. Consider the multiple blocks model (6).

(i) (Sparse case) If β
1−α

> 1
2 set

(7) μ = μ(n) =
√

2r logn/
√

nα

with r > 0 and

(8) ρ∗(α,β) =

⎧⎪⎪⎨
⎪⎪⎩

β − (1 − α)/2 if β/(1 − α) <
3

4
,

(
√

1 − α −
√

1 − α − β)2 if β/(1 − α) ≥ 3

4
.

(ii) (Dense case) If β
1−α

< 1
2 set

(9) μ = μ(n) = nr/
√

nα

and

(10) ρ∗(α,β) = β − 1 − α

2
.

If r < ρ∗(α,β), then H0 and H1 merge asymptotically, that is, the sum of Type I and Type
II errors tends to 1 for any test.

The proof of the theorem can be derived from (2) and (5) by applying the square root
law. The theorem shows that ρ∗(α,β) is a lower bound for model (6): If r < ρ∗(α,β), then
detection is not possible. In Sections 3 and 4, we will derive and investigate procedures,
which attain this lower bound when both the sparsity level and the block length are unknown,
that is, these procedures are adaptive to both α and β . Hence ρ∗(α,β) does in fact describe
the detection boundary for the model (6).

Note that the calibration of μ in Theorem 2.1 has the divisor
√

nα , which does not appear
in the sparse signal detection problem. This shows that in the sparse case the multiple blocks
model allows the detection of much smaller means. Even if the blocks are very short, say of
length 2 or 3, this will improve upon the detection boundary (2). Longer blocks, for example,
of order logn or nα , have an even more dramatic effect by changing the scaling of the de-

tection boundary. It is interesting to note that in the dense case μ∗ := nρ∗(α,β)/
√

nα = nβ− 1
2

does not depend on α, which suggests that the block structure may not be important anymore
in the dense case. We discuss this issue further in Section 5.1.
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3. The structured higher criticism and Berk–Jones statistics. In order to motivate
our approach, we note that detection in the multiple blocks model requires to aggregate the
evidence in the data in two ways: For a given candidate interval, the evidence must be com-
bined within that interval, for example, by averaging the observations. Then this evidence
must be aggregated across intervals by a multiple testing procedure such as HC. However, a
straightforward implementation of this idea is not promising: The detection boundary (2) in
the unstructured case is due to the multiple testing of n p-values. If one were to compute a p-
value for each candidate interval, then the ensuing massive multiple testing problem results
in about n2 p-values and HC may not attain the detection boundary (8). Moreover, many
of these p-values will be highly correlated and so the usual critical values for HC are not
applicable.

We circumvent these problems by considering an appropriate approximating set of inter-
vals that possesses the following three properties: First, each of the about n2/2 intervals with
endpoints in {1, . . . , n} can be approximated sufficiently well by an interval in the approxi-
mating set so that the resulting approximation error to the signal does not detract from the
detection boundary. Second, there are only O(n logn) intervals in the approximating set. As
a consequence, the multiple testing does not become noticeably more difficult as HC still has
to assess only of the order n p-values rather than n2. Third, the approximating set is sparse
enough to allow an analysis of the null distribution of HC in the context of independent
p-values, as will be explained below.

These criteria are satisfied by the approximating set used in Rivera and Walther (2013),
Walther (2010):

For each level � = 0, . . . , �max, where �max = 
log2
n
8�:

Iapp(�) := {
(j, k] ⊂ (0, n] : j, k ∈ {id�, i = 0,1, . . .} and 2�−1 < k − j ≤ 2�},

where d� = 
ε�2�−1� for ε� = 1
6
√

log2
n

2�−1
= 1

6
√

�max−�+4
.

That is, the collection Iapp(�) approximates intervals with lengths in (2�−1,2�] via end-
points on a grid whose spacing is a fraction ε� of the approximate interval length 2�−1, where
the precision parameter ε� changes with the length of the intervals such that it produces a
finer approximation for smaller intervals. The approximating set

⋃
� Iapp(�) has cardinality

O(n logn) but approximates all intervals sufficiently well to allow optimal inference; see
Proposition 11.2 in Section 11 for a more precise statement of its properties.

Now we define structured higher criticism sHCn and structured Berk–Jones statistic sBJn

as follows:

sHCn = �max
max
�=0

√
n

2�n�

HCn�
(�),

sBJn = �max
max
�=0

n

2�n�

BJn�
(�),

where HCn�
(�) and BJn�

(�) denote the one-sided higher criticism (3) and Berk–Jones statis-
tic (4) evaluated on the

n� := #Iapp(�)

p-values pertaining to Iapp(�), that is, the p-values {�̄(X(I )), I ∈ Iapp(�)}, where X(I ) :=∑
i∈I Xi/

√|I | is the standardized average over the interval I .
More generally, we define for s ∈ [−1,2] the structured φ-divergence

sSn(s) = �max
max
�=0

n

2�n�

S+
n�

(s, �),
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where likewise S+
n�

(s, �) denotes the φ-divergence S+
n�

(s) defined in Section 1.1, evaluated on
the p-values that pertain to Iapp(�). In particular, sSn(1) = sBJn and sSn(2) are equivalent
to sHCn.

The difficulty in analyzing the null distributions of BJn�
(�) and HCn�

(�) lies in the fact
that the underlying p-values are no longer independent because they are based on data per-
taining to intervals that may overlap. The key to controlling those null distributions is the
sparse construction of the approximating set Iapp(�): It is shown in Lemma 11.1 that the in-
tervals in Iapp(�) can be grouped into a small number of groups such that each group contains
about n

2� intervals that are disjoint and whose corresponding p-values are therefore indepen-
dent. Hence the empirical measure of the p-values can be written as an average of a small
number of empirical measures, each of which is based on independent p-values. This allows
to use Jensen’s inequality to bound BJn�

(�) and HCn�
(�) by the maximum of a small num-

ber of such statistics, each of which is based on n
2� independent p-values. This maximum can

then be controlled via tail bounds for these statistics. Furthermore, this explanation shows
that the scaling in HCn�

(�) should be
√

n
2� rather than

√
n�, hence the rescaling factor

√
n

2�n�

for HCn�
(�), and analogously for BJn�

and the structured φ-divergence.

THEOREM 3.1. Under the null hypothesis μ = 0,

sBJn

log logn

p≤ 3 (n → ∞),

sHCn = Op

(
log2 n

)
.

Note that under the null distribution BJn

log logn

p→ 1 and HCn√
2 log logn

p→ 1; see Jager and Wellner
(2007). Thus the penalty for additionally examining structure in the data is at most a factor of
3 for sBJn. In particular, the more general sBJn is still optimal in the special case (1) when
there is no structure in the signal, and likewise for sHCn.

As an aside, it is not clear that the result of Theorem 3.1 for sHCn can be improved as
the smallest p-values have heavy tails; see Walther (2013). While that can be controlled in
the case of a single HC statistic (see, e.g., pages 601–603 of Shorack and Wellner (1986)),
sHCn is the maximum of ∼ logn terms that involve HC statistics. In the context of a sparse
Gaussian graphical model, Fan, Jin and Yao (2013) give a result about how to group correlated
p-values to guarantee independence within each group, but this result is not applicable here.

For the proof of the theorem, we will need the following tail bounds which may be of
independent interest.

PROPOSITION 3.2. Let Fn be the empirical cdf of U1, . . . ,Un i.i.d. U(0,1) and let U(·)
be a standard Brownian Bridge. For 0 < a < b < 1 and η > 0:

(i)

P

(
sup

t∈[a,b]
U(t)√
t (1 − t)

> η

)
≤

2
η

+ η log b(1−a)
a(1−b)√

2π
e−η2/2

(ii)

P

(
sup

t∈[a,b]
n

(
Fn(t)

logFn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
> η

)

≤ 2e

(
η log

b(1 − a)

a(1 − b)
+ 1

)
exp(−η).
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(iii) For every K > 1,

PH0(BJn > η) ≤ 22K(logn)(η + 1) exp(−η) + 2n1−K

(iv)

PH0(HCn > η) ≤ P

(
sup

t∈(0,1)

√
n

Fn(t) − t√
t (1 − t)

> η

)
≤ C

η

for η ≥ √
D log logn with D > 2 where the constant C depends only on D.

Miller and Siegmund (1982) give a two-sided bound corresponding to (i), which holds
asymptotically. (ii) improves the exponential bound provided in Duembgen and Wellner
(2014). As for (iv), there exists no exponential inequality for HCn due to the heavy alge-
braic tails of the smallest p-values; see Walther (2013).

4. Optimality of the structured higher criticism and structured Berk–Jones statis-
tic for the multiple blocks model. The following theorem shows that every structured φ-
divergence, and in particular the structured higher criticism and the structured Berk–Jones
statistic, attain the lower bound established in Theorem 2.1 for the sparse case. The theorem
also shows that the structured higher criticism statistic attains the lower bound in the dense
case. Thus these procedures are optimal for detection in the multiple blocks model and are
adaptive to both the unknown block length and the unknown sparsity level.

THEOREM 4.1. Consider the multiple blocks model (6).

(i) In the sparse case β
1−α

> 1
2 with the calibration (7) for the mean of the signal, let

r > ρ∗(α,β) in (8). Then every member of the family of structured φ-divergences sSn(s),
s ∈ [−1,2], has asymptotic power 1.

(ii) In the dense case β
1−α

< 1
2 with the calibration (9) for the mean of the signal, let

r > ρ∗(α,β) in (10). Then sHCn has asymptotic power 1.

We note that while there are O(n2) possible intervals, the use of the approximation set
makes it possible to compute these structured statistics in O(n log2 n) time, almost linear in
the number of observations.

As a corollary to the above theorem, we note that sHCn and sBJn are optimal for sparse
signal detection and for block signal detection, which are special cases the model (6).

COROLLARY 4.2. sHCn and sBJn achieve the optimal detection boundary (2) in the
sparse signal model (1).

The corollary follows upon observing that the sparse signal model (1) obtains as the special
case α = 0. By Theorem 4.1(i), sHCn and sBJn can reliably detect the alternative if r >

ρ∗(0, β) in (8), which equals the detection boundary (2).
In the block signal detection problem, the signal is aligned in an interval In, that is,

(11) Xi = μ1In(i) + Zi, i = 1, . . . , n.

COROLLARY 4.3. sHCn and sBJn achieve the optimal detection boundary for the block
signal detection problem (11).
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The block signal detection problem corresponds to α = 1 − β . By Theorem 4.1(i), sBJn

and sHCn can reliably detect the alternative if r > ρ∗(1 − β,β) in (8), where

ρ∗(1 − β,β) = β = 1 − α.

Thus, when writing the alternative in terms of μ, we can reliably detect the alternative if

μ > (1 + ε)
√

2(1 − α) logn/
√

nα = (1 + ε)

√
2 log

n

|In|/
√|In|,

for any ε > 0, which matches the optimal detection boundary for block signal detection given
in Section 5 in terms of rate and constant. (The more refined result in Section 5 even allows
εn ↓ 0 at a certain rate for the penalized scan, and it is not clear whether sBJn or sHCn can
attain that behavior near the boundary.)

5. Comparison with other methods. In this section, we compare structured BJ and HC
with relevant other methodology in terms of their theoretical performance. Section 6 will
complement this comparison with a simulation study.

Perhaps the most obvious approach to the multiple blocks model is to directly use HC or
BJ. Note that this approach ignores the block structure in the data.

In the sparse unstructured case 1
2 < β ≤ 1, if we use the calibration (7), then the detection

boundary (2) for HC becomes

ρ∗
HC(α,β) =

⎧⎪⎪⎨
⎪⎪⎩

(
β − 1

2

)
nα 1

2
< β <

3

4
,

(1 −
√

1 − β)2nα β ≥ 3

4
.

In the dense unstructured case 0 < β < 1
2 , if we use the calibration (9), then the detection

boundary (5) for HC becomes

ρ∗
HC(α,β) = β − 1 − α

2
.

While the above detection boundaries are for the unstructured case, it follows that HC
and BJ cannot improve on these boundaries in the multiple blocks model because they are
invariant under permutations of the observations, and hence the block structure has no effect
on the inference. Therefore, HC and sHC compare as follows:

1. When β > 1
2 (and so β

1−α
> 1

2 ), then both HC and sHC are in the sparse regime.

Compared to sHC, the detection boundary for HC is increased by a factor of
√

nα . Unless
α = 0 (i.e., the length of the block is 1), the loss of power of HC is significant.

2. When 1−α
2 < β < 1

2 , then HC is in the dense regime and sHC is in the sparse regime.
Nevertheless, sHC has a more favorable detection boundary: Compared to sHC, the detection

boundary for HC is increased by a factor (up to a logn term) of
√

nα

n
1
2 −β

= nβ− 1−α
2 , which grows

polynomially with n. Therefore, the loss of power of HC is also significant.
3. When β < 1−α

2 (and so β < 1
2 ), then both HC and sHC are in the dense regime. The

detection boundaries are the same for both methods, and thus both HC and sHC are optimal
for the multiple blocks model. The reason for this is that now the fraction of elevated means
is so large that the block structure does not provide a noticeable benefit any more.

In light of the block structure in the data, another alternative approach would be to use a
scan statistic. Note that a scan statistic is designed to detect a signal on an interval but not to
aggregate the evidence across multiple intervals. It is shown in Chan and Walther (2013) that
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the scan with scale-dependent critical values, such as the penalized scan

(12) Pn = max
0≤j<k≤n

(∑k
i=j+1 Xi√
k − j

−
√

2 log
en

k − j

)

dominates the regular scan, so we will only discuss the former. Moreover, it is shown in Chan
and Walther (2013) that evaluating the penalized scan on an approximating set:

(13) P app
n = max

I∈⋃�max
�=0 Iapp(�)

(∑
i∈I Xi√|I | −

√
2 log

en

|I |
)

will not detract from its performance, while reducing the computational effort from O(n2) to
O(n logn).

For the block signal detection problem (11) where the signal is aligned in an inter-
val In, it is shown in Chan and Walther (2013) that P

app
n has asymptotic power one if

μ = μ(n) ≥ (
√

2 + εn)
√

log en
|In|/

√|In| with εn

√
log en

|In| → ∞, while no consistent test ex-

ists if μ = μ(n) ≤ (
√

2 − εn)
√

log en
|In|/

√|In| with εn

√
log en

|In| → ∞. Thus Pn and P
app
n are

optimal tests if the signal is aligned in a single interval. See Walther (2010) for a correspond-
ing result in the multivariate case and Arias-Castro, Donoho and Huo (2005) for earlier work
deriving the threshold

√
2 logn/

√|In| for the regular (unpenalized) scan, which is optimal
for very short interval lengths |In| up to about logn.

If we consider instead the multiple blocks model (6), then we obtain the following result.

THEOREM 5.1. In the multiple blocks model (6), the detection boundary for the penal-
ized scans Pn and P

app
n given in (12) and (13) is

ρ∗
pen(α,β) =

⎧⎪⎪⎨
⎪⎪⎩

β − (1 − α)/2 if β/(1 − α) <
1

2
,

(
√

1 − α −
√

1 − α − β)2 if β/(1 − α) >
1

2
,

with calibration (9) in the first case and calibration (7) in the second.

Thus the penalized scan attains the optimal detection boundary except in the case 1−α
2 <

β < 3(1−α)
4 , where ρ∗

pen(α,β) is larger than ρ∗(α,β) given in (8).

5.1. Discussion: What matters for good inference?. Efficient inference in the multiple
blocks model requires to combine the evidence in two different ways: the evidence within a
block needs to be combined in order to make use of the square root law, and then this evidence
needs to be aggregated across blocks.

In the very sparse case β
1−α

≥ 3
4 , the block structure is the most important aspect. In order

to aggregate the information across blocks, it is sufficient to simply scan for the maximum
of the within-block statistics. For this reason, the penalized scan and sHC/sBJ perform well,
whereas HC and BJ exhibit a severe loss of power because they do not make use of the
structure in the signal and, therefore, forego the considerable advantage that derives from the
square root law.

In the sparse case 1
2 <

β
1−α

< 3
4 , the block structure is still very important. However, op-

timally aggregating the information across blocks requires an approach that is more sophis-
ticated than simply scanning for the maximum of the within-block statistics. This explains
why sHC/sBJ are optimal while HC and BJ still exhibit a severe loss of power as they do not
make use of the structure in the signal.

The dense case β
1−α

< 1
2 turns out to be the regime where the structure in the signal is of no

help for inference any more. The reason for this perhaps surprising fact is that the fraction of
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FIG. 1. Power for sBJ (solid line with ◦), sHC (short dashed line with �), BJ (dash-dot line with ◦), HC (long
dashed line with �) and penalized scan (dotted line with +) in the very sparse case α = 0.2, β = 0.65.

elevated means is now so large that asymptotic optimality obtains via the square root law by
simply averaging all observations, that is, performing a z-test. While HC and BJ are geared
toward the sparse case, they do attain the detection boundary in this dense case also, and so
do the structured versions sHC and sBJ and the penalized scan.

6. Simulation study. This section provides a simulation study that compares the perfor-
mance of sHC, sBJ, HC, BJ and the penalized scan. The sample size is n = 10000 and power
is with respect to a significance level of 5%. Critical values for this significance level were
simulated with 10000 simulations and power was estimated with 2000 simulations.

6.1. Simulation results for the very sparse case. We set α = 0.2 and β = 0.65, so β/(1−
α) ≈ 0.813. Power for the various methods is plotted in Figure 1 as a function of r in the
calibration (7). The plot shows that the penalized scan has the highest power, followed by
the structured HC and sBJ. HC and BJ are nearly powerless even for large values of r . This
simulation result confirms our conclusions from Section 5. sBJ has less power than sHC
partly because the first few p-values in the appropriate level contain the most information
in the very sparse regime and sHC effectively puts more weights toward those than sBJ; see
Walther (2013) for an explanation of this phenomenon in the setting without structure.

6.2. Simulation results for the sparse case. We set α = 0.2 and β = 0.48, so β/(1−α) =
0.6. Figure 2 shows that sHC and sBJ have much higher power than HC and BJ, as predicted
by our theory. The penalized scan still does very well.

6.3. Simulation result for dense case. We set α = 0.3 and β = 0.25, so β/(1 − α) =
0.357. Since we are now in the dense regime, the scale for r is with respect to the calibration
(9). While all five methods are asymptotically optimal in this situation, Figure 3 shows that
there is quite some spread in the performance in this finite sample setting. This reflects the
observation in Walther (2013) that for these types of problems the asymptotics set in only
slowly and that performance should be assessed by simulations. sBJ is the clear winner in this
case. HC and sHC have the worst performance, which is the flip side of the effect described
in Section 6.1 as the relevant information is now contained away from the smallest p-values.
Moreover, we can see that the structured versions of HC and BJ are more powerful than their
original counterparts, which indicates sHC and sBJ can take some advantage of the structure
in the signal even in the dense case.
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FIG. 2. Power for sBJ (solid line with ◦), sHC (short dashed line with �), BJ (dash-dot line with ◦), HC (long
dashed line with �) and penalized scan (dotted line with +) in the sparse case α = 0.2, β = 0.48.

FIG. 3. Power for sBJ (solid line with ◦), sHC (short dashed line with �), BJ (dash-dot line with ◦), HC (long
dashed line with �) and penalized scan (dotted line with +) in the dense case α = 0.3, β = 0.25.

7. The multivariate case. All of the previous results can be readily extended to a mul-
tivariate setting. We will use the superscript (d) to denote the dimension. In order to keep the
notation simple, we will focus on the bivariate case, which already contains all the relevant
ideas. The model (6) then becomes

(14) Xij = μ1⋃m
g=1 Ig

(i, j) + Zij , i, j = 1, . . . , n,

where the Zij are i.i.d. standard normal and 1⋃m
g=1 Ig

(i, j) = 1 iff the grid point (i, j) is
contained in an axis-parallel rectangle Ig for some g ∈ 1, . . . ,m. Analogously to the uni-
variate case, we assume that the rectangles Ig are mutually disjoint and randomly located
on the Cartesian grid {1, . . . , n}2. The number of axis-parallel rectangles (blocks) is now
parametrized by m = n2(1−α−β) and each unknown rectangle Ig contains |Ig| = n2α grid
points, where 0 ≤ α < 1 and 0 < α + β ≤ 1.

The task is to test H0 : μ = 0 versus H1 : μ = μ(n) > 0. It was seen in the univariate case
that the construction of an appropriate approximating set is critical for optimally aggregating
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the information within and across blocks. This univariate approximating set can be easily
extended to the multivariate situation be taking cross-products: Recall that in the univariate
case the approximation set Iapp(�) depends on a precision parameter ε�. We now make this
dependence explicit by writing Iapp(�, ε�) for this univariate collection. Now we construct a
multivariate approximation set for axis-parallel rectangles in {1, . . . , n}d via the cross-product
of univariate approximation sets×d

i=1 Iapp(�i, ε�), where the precision parameter ε� depends
on the volume of the rectangle but the �i may vary to allow various aspect ratios.

For each level � = 0, . . . , �max := 
log2(
n
8 )d�, we set

I(d)
app(�) :=

{
R : 2�−1 < |R| ≤ 2� and R ∈ d×

i=1
Iapp(�i, ε�) for some 0 ≤ �i ≤

⌈
log2

n

8

⌉}

with ε� = 1

6
√

log2
nd

2�−1

. While this construction is somewhat different from that given in

Walther (2010) for the density case, it enjoys similar properties; see Proposition 11.2 in Sec-
tion 11. In particular, the cardinality of

⋃
� I

(d)
app(�) is O(nd(logn)d), so relevant computation

can be done in time that is almost linear in the number of observations nd .
Now we can construct our test statistics exactly as in the univariate case: The structured

higher criticism sHC
(d)
n and structured Berk–Jones statistic sBJ

(d)
n are defined as follows:

sHC(d)
n = �max

max
�=0

√
nd

2�n�

HCn�
(�),

sBJ (d)
n = �max

max
�=0

nd

2�n�

BJn�
(�),

where HCn�
(�) and BJn�

(�) denote the one-sided higher criticism (3) and Berk–Jones statis-
tic (4) evaluated on the n� := #I(d)

app(�) p-values pertaining to I(d)
app(�), that is, the p-values

{�̄(
∑

(i,j)∈I Xij /
√|I |), I ∈ I(d)

app(�)}.
Note that the definition of these structured statistics differs from the univariate case only in

the rescaling factor nd

2� in place of n
2� . This is due to the fact that we now have an array of nd

observations rather than n. Thus there are now about nd

2� disjoint intervals in I(d)
app(�), hence

about nd

2� of the p-values are independent.
We now focus on the bivariate case and establish the null distribution of these statistics:

THEOREM 7.1. Under the null hypothesis μ = 0,

sBJ
(2)
n

log logn

p≤ 80

9
(n → ∞),

sHC(2)
n = Op

(
log4 n

)
.

The lower bound for detection in the sparse case β
1−α

> 1
2 is the same as in the univariate

setting after accounting for the sample size n2 in place of n, and sHC
(2)
n and sBJ

(2)
n are

asymptotically optimal for detection.

THEOREM 7.2. The conclusions of Theorems 2.1(i) and 4.1(i) continue to hold for the
model (14) with β

1−α
> 1

2 and the calibration

μ = μ(n) =
√

2r logn2/
√

n2α.
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That is, if r < ρ∗(α,β), where ρ∗ is given in (8), then H0 and H1 merge asymptotically, that
is, the sum of Type I and Type II errors tends to 1 for any test. If r > ρ∗(α,β), then sHC

(2)
n

and sBJ
(2)
n have asymptotic power 1.

8. Clusters in a network on the square lattice. This section concerns the problem of
detecting whether in a given network, for example, in a network of sensors, there are clus-
ters of nodes that exhibit an “unusual behavior.” This setting is important for a number of
applications, for example, in surveillance, environmental monitoring and disease outbreak
detection; see Arias-Castro, Candès and Durand (2011) who treat the case of detecting a
single (or a small number of) clusters in a network.

Here, we show how the evidence of such unusual behavior can be aggregated over many
such clusters. We follow Arias-Castro, Candès and Durand (2011) and model the network
with the d-dimensional square lattice. For simplicity, we will derive our results for the case
d = 2, which already contains all the essential ideas. We are interested in the case where the
signal is present on graph neighborhoods of vertices, which we model as open balls Br(x)

with center x ∈ {1, . . . , n}2 and radius r . The results in this section hold for balls with respect
to the �1-norm, which corresponds to the shortest-path distance in a graph, as well as the
Euclidean norm. We derive our results for the latter as this is the technically more demanding
case; see Lemma 11.5. Our model is therefore

(15) Xij = μ1⋃m
g=1 Ng

(i, j) + Zij , i, j = 1, . . . , n,

where the Zij are i.i.d. standard normal and each graph neighborhood Ng is a ball with respect
to the �2-norm (or the �1-norm) that contains |Ng| = n2α grid points, where 0 ≤ α < 1. As
before, we assume that the Ng are mutually disjoint and randomly located on the Cartesian
grid {1, . . . , n}2 and the number of balls is parametrized by m = n2(1−α−β).

The task is to test H0 : μ = 0 vs. H1 : μ = μ(n) > 0. In order to apply the general recipe
of this paper for optimally aggregating the information within and across neighborhoods, we
need to construct an appropriate approximating set for the neighborhoods. The idea for this
construction can be adapted from the previous settings, which shows the generality of this
approach.

We approximate balls with volume in (π2�−1, π2�], where � = 0, . . . , �max = 
log2
n2

8 �,
with the collection

Capp(�) :=
{
Bri (j, k) : r2

i = 2�−1+iε�,

i = 0, . . . ,

⌊
1

ε�

⌋
, j, k ∈ {md�,m ∈ N} ∩ [ri, n − ri + 1]

}
,

where ε� := 1√
log2

n2

2�−1

, d� = 
ε�2
�−1

2 �. That is, we approximate the centers with a grid whose

spacing is a fraction ε� of the square root of the approximate volume of the ball, 2�−1, and we
approximate the square radius with a geometric progression. Proposition 8.1 shows that the
balls in

⋃
� Capp(�) can approximate every ball with small relative error, while the cardinality

of
⋃

� Capp(�) is almost linear in the sample size n2.

PROPOSITION 8.1.

(i) #
⋃

� Capp(�) = O(n2(logn)
3
2 )
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(ii) For every ball BR(s, t) with R2 ∈ [1, n2

8 ] and s, t ∈ [R,n − R + 1] there exists
Br(j, k) ∈ ⋃

� Capp(�) such that

∣∣BR(s, t)�Br(j, k)
∣∣ ≤ 3

|BR(s, t)|√
log2

n2

|BR(s,t)|
.

Furthermore, it will be shown in the proof of Theorem 8.2 that the balls in Capp(�) can be
grouped into a small number of at most 8(logn)1/2 of groups such that each group contains
∼ n2

2�+2 mutually disjoint balls. This allows to define the structured higher criticism and Berk–
Jones statistics as in Section 7, where as before HCn�

(�) and BJn�
(�) denote the one-sided

higher criticism (3) and Berk–Jones statistic (4) evaluated on the n� := #Capp(�) p-values
pertaining to Capp(�), that is, the p-values {�̄(

∑
(i,j)∈I Xij /

√|I |), I ∈ Capp(�)}. As a conse-
quence, we obtain results for the null distributions of these statistics and optimality properties
that are analogous to those for univariate and multivariate rectangles.

THEOREM 8.2. Under the null hypothesis μ = 0, there exists C > 0 such that

sBJ
(2)
n

log logn

p≤ C (n → ∞),

sHC(2)
n = Op

(
log

5
2 n

)
.

Moreover, the conclusions of Theorem 7.2 continue to hold for model (15).

9. Composite alternatives. We developed the above theory for the one-sided alterna-
tive H1 : μ = μ(n) > 0 in the models (6), (14), (15). A more general alternative obtains by
allowing the sign of μ to change from block to block. Then model (6) becomes

(16) Xi =
m∑

g=1

(−1)sgμ1Ig (i) + Zi, i = 1, . . . , n,

where sg ∈ {1,2}. Such alternatives can be tested by applying the structured test statistic to
the p-values from two-sided z-tests, as suggested by Delaigle and Hall (2009) in the context
of the higher criticism statistic. That is, one employs the two-sided p-values 2�̄(|X(I )|) in
place of �̄(X(I )). This test procedure satisfies the same optimality results that we derived for
the one-sided case since the proofs of these results depend on establishing certain polynomial
growth rates up to logarithmic factors, while the use of two-sided p-values affects these rates
only with a factor 2. Likewise, the optimality results for the multivariate and network settings
(14), (15) continue to hold for two-sided p-values.

An alternative approach is to base the analysis not on scaled averages X(I ) but on mean
squares. The technical analysis of the resulting structured test statistic will be somewhat dif-
ferent since it involves the tails of noncentral chi-squared distributions rather than Gaussians.
In the context of the sparse signal model, Donoho and Jin (2004) find that the higher criticism
statistic based on data from a chi-squared distribution achieves the same optimal detection re-
gion as in the Gaussian case.

10. Discussion. In this paper, we established the lower bound for detection in the mul-
tiple blocks model. An asymptotically optimal method is also proposed, which is adaptive
to the unknown number of blocks and to the unknown block length. It was shown how this
methodology can be readily extended to the multivariate situation and to detecting clusters in
a network.

Another interesting problem for future research is the identification version of this prob-
lem, in which we not only want to detect whether a signal is present, but we also want to
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approximately find the location of all blocks of signals. In Kou (2021), it is shown that when
there is only one block of signals (corresponding to α + β = 1), then the identification and
the detection problem are of the same difficulty. However, in the more general case where
α + β < 1 some calculations show that the identification problem is necessarily more diffi-
cult than the detection problem, in the sense that the lower bound for the former is larger.
To the best of our knowledge, an adaptively optimal method is not yet known for the corre-
sponding multiple blocks identification problem. We leave this as an open problem for future
research.

11. Proofs.

11.1. Some basic results. It is helpful to analyze the statistical behavior of the test statis-
tics via tail probabilities. To this end, note that since �̄ is strictly decreasing we have the
following representation for distinct real numbers X1, . . . ,Xn and pi := �̄(Xi):

(17)
k

n
− p(k) = 1

n

n∑
i=1

(
1
(
Xi ≥ �̄−1(p(k))

)− p(k)

)
, k = 1, . . . , n.

The following lemma summarizes important properties of the univariate approximating set
Iapp(�) while Proposition 11.2 gives some relevant results for the multivariate version I(d)

app(�)

in dimensions d ≥ 1. Further results for the bivariate case can be found in Lemma 11.4.

LEMMA 11.1. The intervals in Iapp(�) can be grouped into at most min(22�,4ε−2
� ) ≤

144 log2 n groups such that each group consists of either � n
L�

� or � n
L�

�−1 ≥ � n
2� �−1 disjoint

intervals, where L� is the largest multiple of d� that is not larger than 2�. Further, #Iapp(�) ≤
n2−� min(22�,4ε−2

� ) ≤ 144n2−� log2 n.

PROOF OF LEMMA 11.1. Let S� be the collection of all intervals in Iapp(�) whose left
endpoint is smaller than L�, where L� is the largest multiple of d� that is not larger than 2�.
For a given I ∈ S�, consider the collection of shifts of I by multiples of L�: shift�(I ) :=
{J ⊂ (0, n] : J = kL� + I, k = 0,1,2, . . .}. Since I ∈ Iapp(�) implies |I | ≤ L�, the intervals
in shift�(I ) are disjoint and there are either � n

L�
� or � n

L�
�−1 ≥ � n

2� �−1 intervals in shift�(I ).
One readily observes that each interval I ∈ Iapp(�) can be generated by such a shift:

Iapp(�) = ⋃
I∈S�

shift�(I ).

Finally, there are exactly L�

d�
different starting points for intervals I ∈ S�. Since each such

interval I satisfies 2�−1 < |I | ≤ 2� we obtain for � ≥ 1,

#S� ≤ L�

d�

(
2� − 2�−1

d�

+ 1
)

≤
(

2�

d�

)2
≤ min

(
22�,4ε−2

�

) ≤ 144 log2 n

and the same bound holds for � = 0. As for the upper bound on #Iapp(�), an analogous
counting argument shows that there are not more than n

d�
starting points, each having not

more than 
2�−2�−1

d�
� ≤ 2�

d�
endpoints if � ≥ 1. Hence #Iapp(�) ≤ n2�

d2
�

and the claimed bound

follows from the above inequality; the same bound clearly also holds for � = 0. �

PROPOSITION 11.2.

(i) #
⋃

� I
(d)
app(�) = O(nd(logn)d)
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(ii) For every axis-parallel rectangle R ⊂ {1, . . . , n}d with sides not longer than n
8 there

exists R̃ ∈ ⋃
� I

(d)
app(�) such that |R�R̃| ≤ Cd

|R|√
log2

nd

|R|
for some universal constant Cd .

(iii) The definition of I(d)
app(�) implies the constraint � ≤ ∑d

i=1 �i ≤ � + d − 1 for the
marginal levels �i .

Employing the latter constraint is helpful for efficiently enumerating the rectangles in
I(d)

app(�), for example, in simulations. As an aside, if one modifies the definition of I(d)
app(�)

to let the �i be as large as 
log2 n� and � as large as log2(n
d/8), then I(d)

app(�) will also contain
approximating rectangles for all marginal distributions.

PROOF OF PROPOSITION 11.2. Lemma 11.1 gives #Iapp(�i, ε�) ≤ n2−�i (4ε−2
� ) ≤

144n2−�i log2 nd . Hence #
⋃
log2

n
8 �

�i=0 Iapp(�i, ε�) ≤ 288dn log2 n and so

#
⋃
�

I(d)
app(�) ≤ #

d×
i=1


log2
n
8 �⋃

�i=0

Iapp(�i, ε�) ≤ (288dn log2 n)d

proving (i).
As for (ii), let R = I1 ×· · ·×Id be an axis-parallel rectangle, so each Ii is an interval of the

form (ji, ki] ⊂ (0, n] with length at most n/8. Hence there exists �i ∈ {0, . . . , 
log2
n
8�} such

that 2�i−1 < |Ii | ≤ 2�i , and there exists � ∈ {0, . . . , 
log2(
n
8 )d�} such that 2�−1 < |R| ≤ 2�.

So by the definition of Iapp(�i, ε�), there exists Ĩi ∈ Iapp(�i, ε�) with |Ii�Ĩi | ≤ 2d�i
≤ 2ε�|Ii |

for i = 1, . . . , d . Thus, by decomposing R�Ĩ and collecting terms, we get |R�Ĩ | ≤ Cdε�|R|
for a constant Cd . Finally, ε� = 1

6
√

log2
nd

2�−1

≤ 1

6

√
log2

nd

|R|
. (If we arrange Ĩi ⊂ Ii for all i by

modifying the definition of Iapp somewhat, then clearly |R�Ĩ | ≤ 2dε�|R|.)
Concerning (iii), R ∈ I(d)

app(�) implies R = I1 × · · · × Id ∈×d
i=1 Iapp(�i, ε�). So 2�i−1 <

|Ii | ≤ 2�i and 2�−1 <
∏d

i=1 |Ii | ≤ 2�, hence � − 1 <
∑

i �i and
∑

i (�i − 1) < �. �

11.2. Proofs for Section 2. PROOF OF THEOREM 2.1. (i) We may assume without loss
of generality that n

nα is an integer. Denote by (A) the submodel where the signals can only
start and end on a grid given by {i(nα) + 1, . . . (i + 1)nα} for i = 0, . . . , n

nα − 1. It is enough
to show that Theorem 2.1 holds for this submodel (A) since detection in the submodel is not
more difficult than in the original model, and hence the detection boundary for the submodel
cannot be larger than for the original model.

Let Si := ∑nα

j=1 X(i−1)nα+j /
√

nα =: si + Z′
i for i = 1, . . . , n′, where n′ = n

nα = n1−α .

Then Z′
i

i.i.d.∼ N(0,1), and si = 0 for all but n1−α−β locations, while at these locations
si = √

2r logn = √
2r ′ logn′, where r ′ = r

1−α
. The locations of these elevated means are a

random sample without replacement from {1, . . . , n′}. We denote this model by (B). (B) is, in
fact, a sparse signal model (1) with n′ = n1−α , and sparsity level β ′ = β

1−α
> 1

2 . It was proved
in Ingster (1997), Ingster (1998), Ingster and Suslina (2002); see also Section 1.1 in Donoho
and Jin (2004), that the lower bound for model (B) is given by (2) with β ′ in place of β . (In
some of these proofs, the number of elevated means follows a binomial distribution, but the
result is regularly referenced for the setting (1) where that number is fixed; see, for example,
Hall and Jin (2010), Zhong, Chen and Xu (2013). Theorem 4 in Ingster (1997) shows that the
result does indeed carry over to the setting (1), and the proof in Ingster and Suslina (2002) is
explicitly for this setting.)
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Writing μ′ := √
2r logn = μ

√
nα and observing

−
nα∑

j=1

(X(i−1)nα+j − μ)2

2
+

nα∑
j=1

X2
(i−1)nα+j

2
= Si

√
nαμ − (

√
nαμ)2

2
= −(Si − μ′)2

2
+ S2

i

2

shows that the likelihood ratio test has the same test result on model (A) and (B). Therefore,
written in our original notation α, β , r , the lower bound for model (A) gives (8).

The proof of (ii) is analogous to (i), but now β ′ = β
1−α

< 1
2 and the elevated means are

si = n−r = (n′)−r ′
. The lower bound (5) established in Cai, Jeng and Jin ((2011), Theorem 3)

translates into (10). �

11.3. Proofs for Section 3. PROOF OF THEOREM 3.1. To prove the theorem, we fix
� and apply Lemma 11.1. Write Gi , i = 1, . . . , imax, for the set of p-values pertaining to
the intervals in the ith group given by Lemma 11.1. As those intervals are disjoint, these
p-values are i.i.d. U [0,1] under H0. Further,

∑imax
i=1 #Gi = n�. Denote by F (i) the empirical

cdf of the p-values in Gi . Then we can write the empirical cdf of all n� p-values as Fn�
=∑imax

i=1
#Gi

n�
F (i). Recall that BJn�

(�) is defined by (4) evaluated at these n� p-values. Hence

BJn�
(�) ≤ sup

t∈[p(1),p(n�)]
n�

(
Fn�

(t) log
Fn�

(t)

t
+ (

1 − Fn�
(t)

)
log

1 − Fn�
(t)

1 − t

)
.

Since the function (s, t) → s log s
t
+ (1 − s) log 1−s

1−t
is convex on (0,1)2, Jensen’s inequality

gives

n

2�n�

BJn�
(�)

≤ n

2�n�

sup
t∈[p(1),p(n�)]

n�

imax∑
i=1

#Gi

n�

(
F (i)(t) log

F (i)(t)

t
+ (

1 − F (i)(t)
)

log
1 − F (i)(t)

1 − t

)

≤ max
i=1,...,imax

sup
t∈[p(1),p(n�)]

n

2�

(
F (i)(t) log

F (i)(t)

t
+ (

1 − F (i)(t)
)

log
1 − F (i)(t)

1 − t

)
.

The last inequality is conservative as we bound the weighted average of imax Berk–Jones
statistics by the worst case; obtaining a better bound is not straightforward as the Berk–Jones
statistics are dependent. Setting A := p(1) and B := p(n�) in the proof of the third inequality
of Proposition 3.2 shows that for every η > 0, K > 1, and for every group i:

PH0

(
sup

t∈[p(1),p(n�)]
#Gi

(
F (i)(t) log

F (i)(t)

t
+ (

1 − F (i)(t)
)

log
1 − F (i)(t)

1 − t

)
> η

)

≤ 22K(log #Gi)(η + 1) exp(−η) + PH0

(
p(1) <

1

nK
or p(n�) > 1 − 1

nK

)

≤ 22K(logn)(η + 1) exp(−η) + 288
(log2 n)n

nK

since Lemma 11.1 gives #Gi ≤ n and n� ≤ 144n log2 n. Further, Lemma 11.1 gives � n
2� � ≤

#Gi + 1 for all i. For simplicity of exposition, we will use n
2� ≤ #Gi (the remainder of the

proof can be readily adapted to the weaker condition with standard arguments). Applying the
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union bound first over i ≤ imax (and noting imax ≤ 144 log2 n by Lemma 11.1) and then over
� ≤ �max gives for η = c log logn:

PH0

(
sBJn > c log logn

)
≤ (�max + 1)144 log2 n

[
22K(logn)1−c(c log logn + 1) + 288

(log2 n)n

nK

]
.

Since �max ≤ log2 n, this bound will converge to 0 for c > 3 and K > 1, proving the claim for
sBJn. Concerning sHCn, as in (19) we get√

n

2�n�

HCn�
(�) ≤

√
n

2�n�

sup
t∈[p(1),p(n�)]

√
n�

Fn�
(t) − t√

t (1 − t)

≤
√

n

2�
sup

t∈[p(1),p(n�)]

imax∑
i=1

#Gi

n�

F (i)(t) − t√
t (1 − t)

≤ max
i=1,...,imax

sup
t∈(0,1)

√
n

2�

F (i)(t) − t√
t (1 − t)

.

Using n
2� ≤ #Gi for all i, the last inequality of Proposition 3.2, and applying the union bound

over i ≤ imax (noting imax ≤ 144 log2 n) and � ≤ �max then gives for η = B log2 n with B ≥ 1:

PH0

(
sHCn > B log2 n

) ≤ C(�max + 1)144 log2 n

B log2 n

for some C not depending on B . The claim follows as �max ≤ log2 n. �

PROOF OF PROPOSITION 3.2. It is a well-known fact that B(t) = (1 + t)U(t/(1 + t))

is a standard Brownian motion, for which Itô and McKean ((1965), page 34) establish the
following inequality:

P

(
sup

t∈[a,b]
B(t)

f (t)
> 1

)
≤
∫ a/f (a)2

0

e−1/(2t)

√
2πt3

dt +
∫ b

a

f (t)√
2πt3

e−f (t)2/(2t) dt

for 0 < a < b ≤ 1 and f (t) increasing on (0, b]. Setting f (t) = η
√

t, we obtain

P

(
sup

t∈[a,b]
U(t)√
t (1 − t)

> η

)
= P

(
sup

t∈[ a
1−a

, b
1−b

]

B(t)√
t

> η

)

=
∫ 1/η2

0

e−1/(2t)

√
2πt3

dt +
∫ b/(1−b)

a/(1−a)

η√
2πt

e−η2/2 dt

=
∫ ∞
η

2√
2π

e−t2/2 dt + log b(1−a)
a(1−b)√
2π

ηe−η2/2

≤ 2√
2πη

e−η2/2 + log b(1−a)
a(1−b)√
2π

ηe−η2/2

=
2
η

+ η log b(1−a)
a(1−b)√

2π
e−η2/2,

where we used Mill’s ratio to bound the normal tail in the fourth line.
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As for the second inequality, Lemma 3.1 in Duembgen and Wellner (2014) gives for real
u and c > 0:

P

(
sup

t∈[l(u),l(u+c)]
n

(
Fn(t)

logFn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
> η

)
≤ 2 exp

(−e−cη
)
,

where l(u) := eu

1+eu . Set u = log a
1−a

and c = log b(1−a)
a(1−b)

> 0, so a = l(u), b = l(u+c). Hence,
for any positive integer K ,

P

(
sup

t∈[a,b]
n

(
Fn(t)

logFn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
> η

)

≤
K∑

i=1

P

(
sup

t∈[l(u+ i−1
K

c),l(u+ i
K

c)]
n

(
Fn(t)

logFn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
> η

)

≤ 2K exp
(−e− c

K η
)

≤ 2 exp
(
−
(

1 − c

K

)
η + logK

)

With a view toward minimizing this expression we set K := 
cη�. Then the above expression
is not larger than

2 exp
(−η + 1 + log
cη�) ≤ 2e(ηc + 1) exp(−η).

As for the third inequality, elementary considerations show

BJn = sup
t∈[U(1),U(n/2)]

n

(
Fn(t) log

Fn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
1
(
t < Fn(t)

)
(18)

≤ sup
t∈[A,B]

n

(
Fn(t) log

Fn(t)

t
+ (

1 − Fn(t)
)

log
1 − Fn(t)

1 − t

)
,

where A = U(1), B = U(n). For later reference, it is convenient to prove the inequality for the
latter statistic, that is, the two-sided version of the Berk–Jones statistic that is based on all n

p-values rather than a fraction of them, and with general random limits 0 ≤ A < B ≤ 1 for t .
For ease of notation, let K > 1 be such that K log2 n is an integer. We will use the partition

[ 1
nK , 1

2 ] = ⋃K log2 n−1
i=1 [(1

2)i+1, (1
2)i]. Note that for each set in this partition we can apply the

second inequality of the proposition with the same exponential tail bound as the ratio of the
right to the left endpoint is 2, hence log b(1−a)

a(1−b)
≤ log 4 as b ≤ 1

2 . We can proceed analogously

on [1
2 ,1 − 1

nK ] as the distribution of the statistic is symmetric about 1
2 . Applying the union

bound to the resulting partition of [ 1
nK ,1 − 1

nK ] gives

PH0(BJn > η)

≤ 2(K log2 n − 1)2e(η log 4 + 1) exp(−η) + P

(
A <

1

nK
or B > 1 − 1

nK

)

≤ 22K(logn)(η + 1) exp(−η) + P

(
A <

1

nK
or B > 1 − 1

nK

)
.

For A = U(1), B = U(n), the latter probability is not larger than 2n1−K , proving the claim for
BJn.

Finally, elementary considerations show

(19) HCn = sup
t∈[p(1),p(n/2)]

√
n

Fn(t) − t√
t (1 − t)

.



LARGE-SCALE INFERENCE WITH BLOCK STRUCTURE 1561

Shorack and Wellner ((1986), pages 601–603) analyze supt∈(0,1) Zn(t), where Zn(t) =√
n Fn(t)−t√

t (1−t)
, by splitting (0,1) into [0, 1

n
], [ 1

n
, dn], [dn,

1
2 ] (and their reflections about 1

2 ),

where dn = log5 n
n

. The inequality they use for the first interval gives

P

(
sup

t∈[0, 1
n
]
Zn(t) > η

)
≤
(

η

2
− 1

)−1
≤ 4

η
for η ≥ 4

while the Shorack and Wellner inequality gives for the second interval

P

(
sup

t∈[ 1
n
,dn]

Zn(t) > η
)

≤ 60(log logn) exp
(
− 3

32
η

)
if η >

3

2

≤ C′

η
for η ≥

√
log logn.

On the interval [dn,
1
2 ], one can use exponential inequalities for the Hungarian construction

(see Shorack and Wellner (1986), Chapter 12.1), as well as for U(t)√
t (1−t)

; see above. The first

shows that sup
t∈[dn, 1

2 ] |Zn(t) − U(t)√
t (1−t)

| satisfies the claimed tail bound whenever η exceeds
a certain constant, while the second gives the tail bound

(
2

η
+ η log 2

1
2

dn

)
exp

(
−1

2
η2
)

≤ η(logn) exp
(
− 1

D
η2
)

exp
(
−
(

1

2
− 1

D

)
η2
)

≤ C′′η(logn) exp
(
− 1

D
η2
)
η−2 for some C′′ = C′′(D) as

1

2
− 1

D
> 0

≤ C′′

η
as η ≥

√
D log logn. �

11.4. Proofs for Section 4. PROOF OF THEOREM 4.1. (i) We first prove optimality for
sHCn and then derive the conclusion for the other statistics from this result.

We will show that if r > ρ∗(α,β), then sHCn = �p(nξ ) for some ξ > 0. Then the claim
about sHCn follows with the result about the null distribution given in Theorem 3.1.

Let �∗ be the level that corresponds to the true length of the signal, that is, �∗ satisfies
2�∗−1 < nα ≤ 2�∗

. Note that 0 ≤ α < 1 implies �max − �∗ = 
(logn). Further, Lemma 11.1
shows that n�∗ := #Iapp(�

∗) satisfies

(20)
1

2
n1−α ≤ n2−�∗ ≤ n�∗ ≤ 144n2−�∗

log2 n ≤ 144n1−α log2 n.

Below we will consider the two disjoint situations r/(1 − α) < 1
4 and r/(1 − α) ≥ 1

4 . We
define t∗ such that

�̄−1(t∗) =

⎧⎪⎪⎨
⎪⎪⎩

2
√

2r logn r/(1 − α) <
1

4
,√

2 logn�∗ − 5 log logn�∗ r/(1 − α) ≥ 1

4
.
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Solving for t∗, we have

t∗ =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Lnn
−4r r/(1 − α) <

1

4
,

log2 n�∗

4
√

πn�∗
(
1 + o(1)

)
r/(1 − α) ≥ 1

4
.

By (17),

sHCn ≥
√

n

2�∗
n�∗

HCn�∗
(
�∗)

(21)

=
√

n

2�∗
n�∗

sup
t∈[p(1),p(n�∗ /2)]

∑
I∈Iapp(�∗)(1(X(I ) ≥ �̄−1(t)) − t)√

n�∗ t (1 − t)
.

On the event {p(n�∗/2) < t∗}, we set t := p(n�∗/2) to see that the sup is not smaller than∑
I∈Iapp(�∗)(1(�̄(X(I )) ≤ t) − t)√

n�∗ t (1 − t)
=

n�∗
2 − n�∗p(n�∗/2)√

n�∗p(n�∗/2)(1 − p(n�∗/2))
≥ n�∗(1

2 − t∗)√
n�∗ t∗(1 − t∗)

(21), (20) and t∗ = o(1) show that sHCn ≥ n
1−α

2 for n large enough.
Now we consider the event {p(n�∗/2) ≥ t∗}. We will show below

(22) PH1

(
p(1) >

log3/2 n�∗

n�∗

)
→ 0.

But if p(1) ≤ log3/2 n�∗
n�∗ , then we have t∗ ≥ p(1) for n large enough by (20). On the event

{p(1) ≤ t∗ ≤ p(n�∗/2)}, we obtain from (21)

sHCn ≥
√

n

2�∗
n�∗

∑
I∈Iapp(�∗)(1(X(I ) ≥ �̄−1(t∗)) − t∗)√

n�∗ t∗(1 − t∗)
=: Tn

(
�∗).

We will show that ETn(�
∗) = �(nξ ) for some ξ > 0 and

√
VarTn(�∗) = o(ETn(�

∗)). Then
Chebychev’s inequality will yield the desired conclusion

(23) sHCn ≥ Tn

(
�∗) = �p

(
nξ ).

Recall the notation X(I ) := ∑
i∈I Xi/

√|I |, so X(I ) ∼ N (EX(I ),1). Denote μ′ :=√
2r logn(1 − 1

3
√

�max−�∗+4
). By the construction of Iapp(�

∗) (see also Proposition 11.2(ii)),

there are at least n1−α−β intervals I ∈ Iapp(�
∗) satisfying

(24) E
(
X(I )

) ≥ μ′ =
√

2r logn − O(1).

Situation 1: If r/(1 − α) < 1
4 , then we have

ETn

(
�∗) ≥

√
n

2�∗
n�∗

1√
n�∗ t∗(1 − t∗)

n1−α−β(
P
(
N
(
μ′,1

) ≥ �̄−1(t∗))− t∗
)

= Lnn
1−α

2 −β+2r(
P
(
N (0,1) ≥ 2

√
2r logn − μ′)− t∗

)
≥ Lnn

1−α
2 −β+r

by (20) and Mill’s ratio. ρ∗(α,β) < r < 1−α
4 implies 1−α

2 − β + r > 0, so we can take 0 <

ξ < 1−α
2 − β + r to conclude ETn(�

∗) = �(nξ ).
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In order to compute the variance of Tn(�
∗), note that by Lemma 11.1 the intervals in

Iapp(�
∗) can be grouped into imax ≤ 144 log2 n groups Ji(�

∗), i = 1, . . . , imax, each of which
contains not more than #Iapp(�

∗) = n�∗ disjoint intervals. Thus within each group Ji(�
∗) the

X(I ) are independent and, therefore,

Var
( ∑

I∈Ji (�
∗)

1
(
X(I ) ≥ �̄−1(t∗)))

= ∑
I∈Ji (�

∗)
P
(
X(I ) ≥ �̄−1(t∗))(1 − P

(
X(I ) ≥ �̄−1(t∗)))

≤ ∑
I∈Iapp(�∗),EX(I )=0

P
(
X(I ) ≥ �̄−1(t∗))(1 − P

(
X(I ) ≥ �̄−1(t∗)))

+ ∑
I∈Ji (�

∗),EX(I )>0

P
(
X(I ) ≥ �̄−1(t∗))

≤ Ln

(
n1−α−4r + n1−α−β−r)

by (20) and since the number of I ∈ Ji(�
∗) that intersect with one of the m = n1−α−β

intervals that have an elevated mean can not be larger than 2m, and an overlap results
in EX(I ) ≤ √

2r logn. Applying Cauchy–Schwarz to the covariances between the imax ≤
144 log2 n groups gives

VarTn

(
�∗) ≤ n

2�∗
n2

�∗ t∗(1 − t∗)
i2
maxLn

(
n1−α−4r + n1−α−β−r) ≤ Ln

(
1 + n3r−β)

by (20). Since ρ∗(α,β) < r < 1−α
4 implies max(0,

3r−β
2 ) < 1−α

2 − β + r , we conclude√
VarTn(�∗) = o(ETn(�

∗)), and thus Chebychev’s inequality gives (23).
Situation 2: When r ≥ 1−α

4 , by a very similar calculation as above we obtain ETn(�
∗) ≥

Lnn
1−α−βn−(

√
1−α−√

r)2
and

√
VarTn(�∗) = o(ETn(�

∗)). Since we assume r > max(1−α
4 ,

ρ∗(α,β)), we can find ξ with 0 < ξ < 1 − α − β − (
√

1 − α − √
r)2, and hence (23) also

follows in this situation.
Thus we have shown that r > ρ∗(α,β) and p(1) ≤ log3/2 n�∗

n�∗ imply (23) for some ξ > 0, and
the proof for sHCn will be complete once we show (22):

PH1

(
p(1) >

log3/2 n�∗

n�∗

)
= PH1

(
max

I∈Iapp(�∗)
X(I ) < �̄−1

(
log3/2 n�∗

n�∗

))

= PH1

(
imax
max
i=1

max
I∈Ji (�

∗)
X(I ) < �̄−1

(
log3/2 n�∗

n�∗

))

≤ imax
min
i=1

PH1

(
max

I∈Ji (�
∗)

X(I ) < �̄−1
(

log3/2 n�∗

n�∗

))

≤ imax
min
i=1

PH0

(
max

I∈Ji (�
∗)

X(I ) < �̄−1
(

log3/2 n�∗

n�∗

))

≤
(

1 − log3/2 n�∗

n�∗

)n2−�∗−2

since #Ji (�
∗) ≥ n2−�∗ − 2 by Lemma 11.1. Now (22) follows since n2−�∗ log3/2 n�∗

n�∗ ≥
log3/2 n�∗
144 log2 n

→ +∞ by (20), completing the proof for sHCn.
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As for sSn(s), Lemma 7.2 in Jager and Wellner (2007) shows that Ks(u, v)1(v < u ≤ 1
2) ≤

K2(u, v)1(v < u ≤ 1
2) for all s ∈ [−1,2]. Thus S+

n (s) ≤ S+
n (2) = 1

2(HC+
n )2 and, therefore,

sSn(s) ≤ 1
2(sHCn)

2. Hence it follows from Theorem 3.1 that under the null distribution

(25) sSn(s) = Op

(
log4 n

)
for all −1 ≤ s ≤ 2. (That theorem also provides a better bound for the special case s = 1.)

Now we examine the performance of sSn(s) when r > ρ∗(α,β). As in Donoho and
Jin (2004), we need to consider two cases: ρ∗(α,β) < r < β/3 and r > (

√
1 − α −√

1 − α − β)2. These two cases overlap and together cover the full region r > ρ∗(α,β).
In the first case where 0 < ρ∗(α,β) < r < β/3, we must have β < 3

4(1 − α), and hence
r < 1−α

4 , and so we can choose a positive r0 < r < 1−α
4 . Let �∗ be the level that corresponds

to the true length of the signal. Define

HCn�∗ ,r,r0

(
�∗) := sup

n−4r≤p(i)≤n−4r0

√
n�∗

i
n�∗ − p(i)√

p(i)(1 − p(i))
1
(
p(i) <

i

n�∗

)
,

where the p-values pertain to intervals in Iapp(�
∗). We need the following lemma, which is

proved in the Appendix.

LEMMA 11.3. Let p(i) be the ordered p-values for intervals in Iapp(�
∗). Then 0 <

ρ∗(α,β) < r < β/3 implies supn−4r<p(i)<n−4r0 | i
n�∗p(i)

− 1| p→ 0.

Using the above lemma and Lemma 7.2 in Jager and Wellner (2007), we have

sup
n−4r<p(i)<n−4r0

n�∗Ks

(
i

n�∗
,p(i)

)
1
(
p(i) <

i

n�∗

)
≥ 1

2

(
HCn�∗ ,r,r0

(
�∗))2(1 + op(1)

)
.

Thus

sSn(s) ≥ n

2�∗
n�∗

S+
n�∗

(
s, �∗)

≥ n

2�∗
n�∗ sup

n−4r<p(i)<n−4r0

n�∗Ks

(
i

n�∗
,p(i)

)
1
(
p(i) <

i

n�∗

)
(26)

≥ 1

2

(√
n

2�∗
n�∗ HCn�∗ ,r,r0

(
�∗))2(

1 + op(1)
) = �p

(
nξ )

for some ξ > 0 by the above proof about sHCn that localized the analysis to t∗ = Lnn
−4r .

For the second case, if r > (
√

1 − α − √
1 − α − β)2 and r < 1 − α, then (r + β)/2

√
r <√

1 − α. So we can pick q ∈ (0,1) such that max((r + β)/2
√

r,
√

r) <
√

q <
√

1 − α. As
noted above, there are at least n1−α−β intervals I ∈ Iapp(�

∗) satisfying (24). By Lemma 11.1,
the intervals in Iapp(�

∗) can be grouped into at most 144 log2 n groups such that each group
consists of disjoint intervals. By the pigeonhole principle, at least one group contains more
than n1−α−β

144 log2 n
intervals satisfying (24). Since the X(I ) in that group are independent we have

(27)
∑

I∈Iapp(�∗)
1
(
X(I ) ≥

√
2q logn

) d≥ Bin
(

n1−α−β

144 log2 n
,Lnn

−(
√

q−√
r)2

)
= �p

(
nξ )

by Chebychev’s inequality, since ξ := 1 − α − β − (
√

q − √
r)2 > 1 − α − q > 0. Setting

t := √
2q logn, we get ∑

I∈Iapp(�∗) 1(X(I ) ≥ t)

n�∗�̄(t)

p→ ∞
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since n�∗�̄(t) = Lnn
1−α−q by (20) and ξ > 1 − α − q .

Together with Lemma 7.2 in Jager and Wellner (2007) and (17), we obtain

S+
n�∗

(
s, �∗) ≥ n�∗Ks

(∑
I∈Iapp(�∗) 1(X(I ) ≥ t)

n�∗
, �̄(t)

)
1
(
�̄(t) <

∑
I∈Iapp(�∗) 1(X(I ) ≥ t)

n�∗

)

≥ Ln

(
1 + op(1)

) ∑
I∈Iapp(�∗)

1
(
X(I ) ≥ t

)
.

It follows with (27) and (20) that

(28) sSn(s) ≥ n

2�∗
n�∗

S+
n�∗

(
s, �∗) = �p

(
nξ ).

From equations (25), (26) and (28), it follows that for all −1 ≤ s ≤ 2, sSn(s) has asymptotic
power 1 under the alternative r > ρ∗(α,β). �

PROOF OF THEOREM 4.1. (ii) The null case was discussed in Theorem 3.1, which
showed sHCn = Op(log2 n). As in the proof of part (i), we only need to show that sHCn =
�p(nξ ) for some ξ > 0 when r > ρ∗(α,β). Again, let �∗ be the level that corresponds
to the true length of the signal, that is, �∗ satisfies 2�∗−1 < nα ≤ 2�∗

. 0 ≤ α < 1 implies
�max − �∗ = 
(logn). By the construction of Iapp(�

∗) (see also Proposition 11.2(ii)), there
are at least n1−α−β intervals I ∈ Iapp(�

∗) satisfying E(X(I )) ≥ nr(1− 1
3
√

�max−�∗+4
) ≥ nr/2.

Hence

E

( ∑
I∈Iapp(�∗)

(
1
(
X(I ) ≥ �̄−1

(
1

4

))
− 1

4

))
≥ n1−α−β

(
�̄

(
�̄−1

(
1

4

)
− nr/2

)
− 1

4

)
(29)

≥ n1−α−βnr/8

since �̄′ ≤ −1
4 on (�̄−1(1

4) − 1
2 , �̄−1(1

4)) and we may w.l.o.g. assume that nr < 1 since
ρ∗ < 0.

By Lemma 11.1, the intervals in Iapp(�
∗) can be grouped into at most 144 log2 n groups,

each of which contains not more than #Iapp(�
∗) = n�∗ disjoint intervals. Thus within each

group, the X(I ) are independent, and applying Cauchy–Schwarz to the covariances between
groups gives

Var
( ∑

I∈Iapp(�∗)

(
1
(
X(I ) ≥ �̄−1

(
1

4

))
− 1

4

))

≤ (144 log2 n)2n�∗ Var
(

1
(
X(I ) ≥ �̄−1

(
1

4

)))

≤ Lnn�∗ .

Together with (29) and (20), this shows that

Tn

(
�∗) :=

√
n

2�∗
n�∗

∑
I∈Iapp(�∗)(1(X(I ) ≥ �̄−1(1

4)) − 1
4)√

n�∗ 1
4(1 − 1

4)

satisfies ETn(�
∗) ≥ Lnn

1−α
2 −β+r and VarTn(�

∗) ≤ Ln, hence Chebychev and r > β − 1−α
2

yield

(30) Tn

(
�∗) = �p

(
nξ )

for some ξ > 0.
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Now we partition the sample space into three events:

sHCn ≥ HCn�∗
(
�∗)(1

(
p(n�∗/2) <

1

4

)
+ 1

(
p(1) ≤ 1

4
≤ p(n�∗/2)

)
+ 1

(
1

4
< p(1)

))

≥ √
n�∗

1
2 − 1

4√
1
4(1 − 1

4)
1
(
p(n�∗/2) <

1

4

)
+ Tn

(
�∗)1(p(1) ≤ 1

4
≤ p(n�∗/2)

)

+ HCn�∗
(
�∗)1(1

4
< p(1)

)

= �p

(
nmin( 1−α

2 ,ξ))
by (30), (20) and P(1

4 < p(1)) ≤ (3
4)n�∗ → 0. �

11.5. Proofs for Section 5. PROOF OF THEOREM 5.1. In the dense case, let r :=
β − 1−α

2 + ε for some ε > 0. Then
∑n

i=1 Xi/
√

n is normal with variance one and mean

n1−βμ/
√

n = n1−β+r− 1+α
2 = nε . Thus Pn ≥ ∑n

i=1 Xi/
√

n−√
2

p→ ∞. Hence Pn has asymp-
totic power one since Pn = Op(1) under H0.

In the sparse case, if r > ρ∗
pen(α,β) then we can pick a constant ε > 0 depending only

on (r, α,β) such that 1 − α − β > ((1 + ε)
√

1 − α − √
r)2. For a block Ig =: (j, j + nα] in

(6), write Zg := ∑j+nα

i=j+1 Xi/
√

nα . In order to show that Pn has asymptotic power one, it is
enough to show that

(31) Pμ(n)

(
max

g=1,...,m
Zg > (1 + ε)

√
2 log

n

nα

)
→ 1

because Pn = Op(1) under H0 while ε
√

2 log n
nα = ε

√
2(1 − α) logn → ∞.

Note that the Zg are independent normal with mean
√

nαμ = √
2r logn and variance one.

Therefore,

pn := P

(
Z1 > (1 + ε)

√
2 log

n

nα

)

= 1 − �
(
(1 + ε)

√
2(1 − α) logn −

√
2r logn

)
≥ Lnn

−(
√

r−(1+ε)
√

1−α)2

by Mill’s ratio. Hence the probability in (31) equals

1 − (1 − pn)
m ≥ 1 − exp(−mpn)

and mpn ≥ Lnn
1−α−β−(

√
r−(1+ε)

√
1−α)2 → ∞.

The claim for P
app
n obtains in the same way, by taking account of the approximation error

incurred by using the approximating set; see Rivera and Walther ((2013), Theorem 2) and
(Kou (2017), Theorem 11).

Proceeding as in the proof of Theorem 1.4 in Donoho and Jin (2004), it can be shown that
Pn and P

app
n are powerless if r < ρ∗

pen(α,β). �

11.6. Proofs for Section 7. The following lemma is the bivariate analogue of Lemma
11.1.
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LEMMA 11.4. The rectangles in I(2)
app(�) can be grouped into at most 12ε−4

� (� + 1) ≤
8 · 65(log2 n)2(� + 1) groups such that each group consists of at least 9

16
n2

2� and at most 2n2

2�

disjoint rectangles. Hence #I(2)
app(�) ≤ 16 · 65(log2 n)2n2 �+1

2� .

PROOF OF LEMMA 11.4. We will use the following refinement of Lemma 11.1 for the
univariate setting.

CLAIM 1. The intervals in Iapp(�) that have a given length L (which hence is a multiple
of d�) can be grouped into L

d�
groups such that each group consists of either � n

L
� or � n

L
� − 1

disjoint intervals.

To see this, set Ij := (jd�, jd� + L] for j = 0, . . . , L
d�

− 1, and consider all possible shifts
of Ij by multiples of L:

C(j) :=
{
kL + Ij , k = 0, . . . ,

⌊
n − jd�

L

⌋
− 1

}
.

One readily checks that
⋃ L

d�
−1

j=0 C(j) equals the collection of all intervals in Iapp(�) that have
length L. Further, each C(j) consists of � n

L
� or � n

L
� − 1 intervals that are disjoint, proving

Claim 1.
Now we consider the rectangles in I(2)

app(�) that have given side lengths L1 and L2:

C(�,L1,L2) := {
R = I1 × I2 ∈ I(2)

app(�) : |I1| = L1, |I2| = L2
}

= {
R = I1 × I2 ∈ Iapp(�1, ε�) × Iapp(�2, ε�) : |I1| = L1, |I2| = L2

}
,

where �i = 
log2 Li�.

CLAIM 2. The rectangles in C(�,L1,L2) can be grouped into at most 4ε−2
� ≤ 4 ·

62 log2 n2 groups such that each group consists of at least (� n
L1

� − 1)(� n
L2

� − 1) ≥ 9
16

n2

2�

and at most � n
L1

�� n
L2

� ≤ 2n2

2� disjoint rectangles.

In order to prove Claim 2, note that Claim 1 implies that the rectangles in C(�,L1,L2) can
be grouped into L1

d�1
× L2

d�2
≤ 4

ε2
�

≤ 4 · 62 log2 n2 groups such that each group contains between

(� n
L1

− 1�)(� n
L2

− 1�) and � n
L1

�� n
L2

� rectangles that are disjoint (since the Cartesian product
of two collections of disjoint intervals yields a collection of disjoint rectangles). Since the
area of the rectangles satisfies L1L2 ∈ (2�−1,2�] we get � n

L1
�� n

L2
� ≤ 2n2

2� . Finally, Li ≤ n/8

implies (� n
L1

− 1�)(� n
L2

− 1�) ≥ (3
4

n
L1

)(3
4

n
L2

) ≥ 9
16

n2

2� , establishing Claim 2.

The lemma now obtains as follows: Clearly, I(2)
app(�) = ⋃

{all possible L1,L2} C(�,L1,L2).

Since the level �1 of L1 must satisfy �1 ≤ � and each Iapp(�̃, ε�) admits at most 
2�̃−1/d
�̃
� ≤


1/ε�� different interval lengths, there are at most 
1/ε��(� + 1) different choices for L1.
The constraint � ≤ �1 + �2 ≤ � + 1 from Proposition 11.2 implies that given L1, the level �2
of L2 must be either � − �1 or � − �1 + 1, hence there are at most 
2/ε�� different choices
for L2. So there are at most 3

ε2
�

(� + 1) ≤ 3 · 62(log2 n2)(� + 1) different choices for (L1,L2).

Lemma 11.4 now follows with Claim 2. We note that the statement of the lemma can be
sharpened somewhat as the factor 9

16 is due to large rectangles, which allow a better bound

on 12ε−4
� (� + 1). �
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PROOF OF THEOREM 7.1. The proof follows that of Theorem 3.1 using the inequalities
from Lemma 11.4 in place of Lemma 11.1. That is, for a fixed � we now have n� ≤ 16 ·
65(log2 n)2n2, 9

16
n2

2� ≤ #Gi ≤ n2, imax ≤ 16 · 65(log2 n)3 and �max + 1 ≤ 2 log2 n. As for

sBJ
(2)
n , the two additional factors of log2 n in imax and the factor 9

16 in the lower bound for
#Gi necessitate to replace the condition c > 3 by c > (3 + 2)16

9 in order to obtain the desired
convergence to 0. This bound on c can be improved somewhat by refining the bounds in
Lemma 11.4 as explained at the end of its proof. Concerning sHC

(2)
n , the convergence rate

needs to account for the two additional factors of log2 n in imax. �

PROOF OF THEOREM 7.2. The proof of the lower bound is analogous to that of Theo-
rem 2.1 by considering the submodel obtained by partitioning the n × n grid into n′ = n2−2α

blocks of size |I | = n2α . The claim about sHC
(2)
n and sBJ

(2)
n follows as in Theorem 4.1 by

using n2 in place of n. �

11.7. Proofs for Section 8. PROOF OF PROPOSITION 8.1. There are at most n
d�

≤
n2

−�+1
2

√
log2 n2 indices j in Capp(�) and likewise for k, while there are at most 1

ε�
+ 1 ≤√

log2 n2 + 1 indices i. Hence #Capp(�) ≤ 2n22−�(
√

log2 n2 + 1)3 and (i) follows.

As for (ii), by the assumption on R2 there exists � ∈ {0, . . . , 
log2
n2

8 �} such that 2�−1 <

R2 ≤ 2�. We can now find a Bri (j, k) ∈ Capp(�) with the desired property: Let i be the largest
integer such that ri ≤ R2. Then by the construction of ri we have r2

i /R2 ≥ 2−ε� ≥ 1 − ε�.
Let j and k be the elements in {md�,m ∈ N} ∩ [ri, n − ri + 1] that are closest to s and t ,
respectively. Then |j − s| ≤ d�, |k − t | ≤ d� and, therefore, the Euclidean distance between
(j, k) and (s, t) is not larger than

√
2d�. Thus it follows from Lemma 11.5 below that

∣∣BR(s, t)�Bri (j, k)
∣∣ ≤ (

1 − r2
i

R2 + 2

√
2d�

R

)∣∣BR(s, t)
∣∣ ≤ (

ε� + 3
ε�2

�−1
2

2
�−1

2

)∣∣BR(s, t)
∣∣

≤ 3ε�

∣∣BR(s, t)
∣∣ ≤ |BR(s, t)|√

log2
n2

|BR(s,t)|
.

�

LEMMA 11.5. Let 0 < r ≤ R and d ∈ R
2. Then

∣∣BR(0)�Br(d)
∣∣ ≤ (

1 − r2

R2 + 2
|d|
R

)∣∣BR(0)
∣∣.

PROOF OF LEMMA 11.5.∣∣BR(0)�Br(d)
∣∣ = ∣∣BR(0)

∣∣− ∣∣Br(d)
∣∣+ 2

∣∣Br(d) \ BR(0)
∣∣

≤ ∣∣BR(0)
∣∣− ∣∣Br(d)

∣∣+ 2
∣∣BR(d) \ BR(0)

∣∣(32)

= 3
∣∣BR(0)

∣∣− ∣∣Br(d)
∣∣− 2

∣∣BR(d) ∩ BR(0)
∣∣.

If |d| ≤ 2R, then BR(d) ∩ BR(0) is the union of two circular segments with equal area. The
formula for a circular segment gives

∣∣BR(d) ∩ BR(0)
∣∣ = 2R2 cos−1

( |d|
2R

)
− |d|

√
R2 −

( |d|
2

)2

≥ 2R2
(

π

2
− π

2

|d|
2R

)
− |d|R ≥ π

(
R2 − |d|R)

.
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Hence (32) is not larger than R2π − r2π + 2π |d|R. The lemma follows as it trivially also
holds in the case |d| > 2R. �

PROOF OF THEOREM 8.2. The claims about the null distribution follow as in the case
of univariate intervals (Theorem 3.1) and multivariate rectangles (Theorem 7.1). The key
argument is again to show that the balls in Capp(�) can be grouped into a small number of

groups each consisting of ∼ n2

2�+2 disjoint balls. To this end, define L� to be the smallest

multiple of d� not smaller than maxi 2ri , so L� ∼ 2
√

2�. Define

shift�(j, k, ri) := {
Bri (s, t) : s = j + uL�, t = k + vL�, s, t ∈ [ri, n − ri + 1];u, v ∈N0

}
.

By construction, the balls in shift�(j, k, ri) are mutually disjoint. One readily checks

Capp(�) = ⋃
j,k∈{d�,2d�,...,L�},i∈{0,...,� 1

ε�
�}

shift�(j, k, ri).

There are ∼ ( n
L�

)2 ∼ n2

2�+2 balls in shift�(j, k, ri), and the number of groups is ∼ (L�

d�
)2 1

ε�
∼

8ε−3
� ≤ 8(logn)

3
2 . The latter number has an additional factor (logn)

1
2 compared to the case

of univariate intervals, which likewise affects the convergence rate of sHC
(2)
n as is clear from

the proof of Theorem 3.1. The proof of the optimality properties follows that of Theorem 7.2.
�

APPENDIX

PROOF OF LEMMA 11.3. Note that using the same considerations as in (17) we obtain

sup
n−4r<p(i)<n−4r0

∣∣∣∣ i

n�∗p(i)

− 1
∣∣∣∣ = sup

n−4r<�̄(t)<n−4r0

∣∣∣∣
∑

I∈Iapp(�∗) 1(X(I ) ≥ t)

n�∗�̄(t)
− 1

∣∣∣∣.
By Lemma 11.1, the intervals in Iapp(�

∗) can be grouped into imax ≤ 144 log2 n groups, each
of which consists of the same (up to ±1) number N�∗ = Lnn

1−α of disjoint intervals as the
first group. Let I1, . . . , IN�∗ denote the intervals in the first group. Then for ε ∈ (0,1),

PH1

(
sup

n−4r<�̄(t)<n−4r0

∣∣∣∣
∑

I∈Iapp(�∗) 1(X(I ) ≥ t)

n�∗�̄(t)
− 1

∣∣∣∣ > ε

)
(33)

≤ nimax sup
n−4r<�̄(t)<n−4r0

PH1

(∣∣∣∣
∑N�∗

i=1 1(X(I ) ≥ t)

N�∗�̄(t)
− 1

∣∣∣∣ > ε

)

since there are not more than n p-values in (n−4r , n−4r0). The Ii being disjoint implies that
the X(Ii) are independent and that at most 2n1−α−β of the Ii can intersect with one of the
n1−α−β intervals that have an elevated mean. Such an overlap results in EX(I ) ≤ √

3r logn.
Thus under H1

(34)
Bin

(
N�∗, �̄(t)

) d≤
N�∗∑
i=1

1
(
X(I ) ≥ t

)
d≤ Bin

(
2n1−α−β, �̄(t −

√
2r logn)

)+ Bin
(
N�∗, �̄(t)

)
.
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Note that the function �̄(t)

�̄(t−√
2r logn)

is decreasing in t as can be seen by differentiating and

employing the increasing hazard rate property of the normal distribution. So if we define t∗
via �̄(t∗) = n−4r , then t∗ = (1 + o(1))

√
2(4r) logn and

inf
n−4r<�̄(t)<n−4r0

N�∗�̄(t)

2n1−α−β�̄(t − √
2r logn)

= Ln

�̄(t∗)
n−β�̄(t∗ − √

2r logn)

= Ln

n−4r

n−βn−(
√

4r−√
r)2

= Lnn
β−3r → ∞ as r < β/3.

Hence for n ≥ n0 the above inf is larger than 4/ε and so together with (34) we get

sup
n−4r<�̄(t)<n−4r0

PH1

(∑N�∗
i=1 1(X(I ) ≥ t)

N�∗�̄(t)
> 1 + ε

)

≤ sup
n−4r<�̄(t)<n−4r0

P

(
Bin(2n1−α−β, �̄(t − √

2r logn))

N�∗�̄(t)
> ε/2

)

+ sup
n−4r<�̄(t)<n−4r0

P

(
Bin(N�∗, �̄(t))

N�∗�̄(t)
> 1 + ε/2

)
(35)

≤ sup
n−4r<�̄(t)<n−4r0

P

(
Bin(2n1−α−β, �̄(t − √

2r logn))

2n1−α−β�̄(t − √
2r logn)

> 2
)

+ sup
n−4r<�̄(t)<n−4r0

P

(
Bin(N�∗, �̄(t))

N�∗�̄(t)
> 1 + ε/2

)

Now we use Bennett’s inequality, which gives

P

(∣∣∣∣Bin(m,p)

mp
− 1

∣∣∣∣ > ε

)
≤ 2 exp

(−mpε2/3
)
.

Thus (35) is not larger than

sup
n−4r<�̄(t)<n−4r0

2 exp
(−2n1−α−β�̄(t −

√
2r logn)/3

)

+ sup
n−4r<�̄(t)<n−4r0

2 exp
(−N�∗�̄(t)ε2/12

)

= 2 exp
(−Lnn

1−α−βn−(
√

4r−√
r)2)+ 2 exp

(−Lnn
1−αn−4r)

≤ 4 exp
(−Lnn

κ)
for some κ > 0 as r < β/3 requires β < 3

4(1 − α), and hence r < (1 − α)/4. The left tail
probability in (34) is easily bounded analogously using the left inequality in (34). Hence (34)
is not larger than

8n(144 log2 n) exp
(−Lnn

κ) → 0. �
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LARGE-SCALE INFERENCE WITH BLOCK STRUCTURE 1571

REFERENCES

ARIAS-CASTRO, E., CANDÈS, E. J. and DURAND, A. (2011). Detection of an anomalous cluster in a network.
Ann. Statist. 39 278–304. MR2797847 https://doi.org/10.1214/10-AOS839

ARIAS-CASTRO, E., DONOHO, D. L. and HUO, X. (2005). Near-optimal detection of geometric objects by fast
multiscale methods. IEEE Trans. Inf. Theory 51 2402–2425. MR2246369 https://doi.org/10.1109/TIT.2005.
850056

CAI, T. T., JENG, X. J. and JIN, J. (2011). Optimal detection of heterogeneous and heteroscedastic mixtures. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 73 629–662. MR2867452 https://doi.org/10.1111/j.1467-9868.2011.00778.x

CHAN, H. P. (2009). Detection of spatial clustering with average likelihood ratio test statistics. Ann. Statist. 37
3985–4010. MR2572450 https://doi.org/10.1214/09-AOS701

CHAN, H. P. and WALTHER, G. (2013). Detection with the scan and the average likelihood ratio. Statist. Sinica
23 409–428. MR3076173

DELAIGLE, A. and HALL, P. (2009). Higher criticism in the context of unknown distribution, non-independence
and classification. In Perspectives in Mathematical Sciences. I. Stat. Sci. Interdiscip. Res. 7 109–138. World
Sci. Publ., Hackensack, NJ. MR2581742 https://doi.org/10.1142/9789814273633_0006

DONOHO, D. and JIN, J. (2004). Higher criticism for detecting sparse heterogeneous mixtures. Ann. Statist. 32
962–994. MR2065195 https://doi.org/10.1214/009053604000000265

DUEMBGEN, L. and WELLNER, J. A. (2014). Confidence bands for distribution functions: A new look at the law
of the iterated logarithm. Available at arXiv:1402.2918.

FAN, Y., JIN, J. and YAO, Z. (2013). Optimal classification in sparse Gaussian graphic model. Ann. Statist. 41
2537–2571. MR3161437 https://doi.org/10.1214/13-AOS1163

GANGNON, R. E. and CLAYTON, M. K. (2001). A weighted average likelihood ratio test for spatial clustering
of disease. Stat. Med. 20 2977–2987.

HALL, P. and JIN, J. (2010). Innovated higher criticism for detecting sparse signals in correlated noise. Ann.
Statist. 38 1686–1732. MR2662357 https://doi.org/10.1214/09-AOS764

INGSTER, YU. I. (1997). Some problems of hypothesis testing leading to infinitely divisible distributions. Math.
Methods Statist. 6 47–69. MR1456646

INGSTER, YU. I. (1998). Minimax detection of a signal for ln-balls. Math. Methods Statist. 7 401–428.
MR1680087

INGSTER, Y. I., POUET, C. and TSYBAKOV, A. B. (2009). Classification of sparse high-dimensional vectors.
Philos. Trans. R. Soc. Lond. Ser. A Math. Phys. Eng. Sci. 367 4427–4448. MR2546395 https://doi.org/10.
1098/rsta.2009.0156

INGSTER, YU. I. and SUSLINA, I. A. (2002). On the detection of a signal with a known shape in a multichannel
system. Zap. Nauchn. Sem. S.-Peterburg. Otdel. Mat. Inst. Steklov. (POMI) 294 88–112, 261. MR1976749
https://doi.org/10.1007/s10958-005-0133-z

ITÔ, K. and MCKEAN, H. P. JR. (1965). Diffusion Processes and Their Sample Paths. Die Grundlehren der Math-
ematischen Wissenschaften, Band 125. Academic Press, New York; Springer, Berlin–New York. MR0199891

JAGER, L. and WELLNER, J. A. (2007). Goodness-of-fit tests via phi-divergences. Ann. Statist. 35 2018–2053.
MR2363962 https://doi.org/10.1214/0009053607000000244

JENG, X. J., CAI, T. T. and LI, H. (2010). Optimal sparse segment identification with application in copy num-
ber variation analysis. J. Amer. Statist. Assoc. 105 1156–1166. MR2752611 https://doi.org/10.1198/jasa.2010.
tm10083

KOU, J. (2017). Large-Scale Inference with Block Structure. ProQuest LLC, Ann Arbor, MI. Thesis (Ph.D.)–
Stanford University. MR4257243

KOU, J. (2021). Identifying the support of rectangular signals in Gaussian noise. Comm. Statist. Theory Methods
1–28.

KULLDORFF, M. (1999). Spatial scan statistics: Models, calculations, and applications. In Scan Statistics and
Applications. Stat. Ind. Technol. 303–322. Birkhäuser, Boston, MA. MR1697758 https://doi.org/10.1007/
978-1-4612-1578-3_14

LI, J. and SIEGMUND, D. (2015). Higher criticism: p-values and criticism. Ann. Statist. 43 1323–1350.
MR3346705 https://doi.org/10.1214/15-AOS1312

MILLER, R. and SIEGMUND, D. (1982). Maximally selected chi square statistics. Biometrics 38 1011–1016.
MR0695368 https://doi.org/10.2307/2529881

RIVERA, C. and WALTHER, G. (2013). Optimal detection of a jump in the intensity of a Poisson process or in
a density with likelihood ratio statistics. Scand. J. Stat. 40 752–769. MR3145116 https://doi.org/10.1111/sjos.
12027

SHORACK, G. R. and WELLNER, J. A. (1986). Empirical Processes with Applications to Statistics. Wiley Se-
ries in Probability and Mathematical Statistics: Probability and Mathematical Statistics. Wiley, New York.
MR0838963

http://www.ams.org/mathscinet-getitem?mr=2797847
https://doi.org/10.1214/10-AOS839
http://www.ams.org/mathscinet-getitem?mr=2246369
https://doi.org/10.1109/TIT.2005.850056
http://www.ams.org/mathscinet-getitem?mr=2867452
https://doi.org/10.1111/j.1467-9868.2011.00778.x
http://www.ams.org/mathscinet-getitem?mr=2572450
https://doi.org/10.1214/09-AOS701
http://www.ams.org/mathscinet-getitem?mr=3076173
http://www.ams.org/mathscinet-getitem?mr=2581742
https://doi.org/10.1142/9789814273633_0006
http://www.ams.org/mathscinet-getitem?mr=2065195
https://doi.org/10.1214/009053604000000265
http://arxiv.org/abs/arXiv:1402.2918
http://www.ams.org/mathscinet-getitem?mr=3161437
https://doi.org/10.1214/13-AOS1163
http://www.ams.org/mathscinet-getitem?mr=2662357
https://doi.org/10.1214/09-AOS764
http://www.ams.org/mathscinet-getitem?mr=1456646
http://www.ams.org/mathscinet-getitem?mr=1680087
http://www.ams.org/mathscinet-getitem?mr=2546395
https://doi.org/10.1098/rsta.2009.0156
http://www.ams.org/mathscinet-getitem?mr=1976749
https://doi.org/10.1007/s10958-005-0133-z
http://www.ams.org/mathscinet-getitem?mr=0199891
http://www.ams.org/mathscinet-getitem?mr=2363962
https://doi.org/10.1214/0009053607000000244
http://www.ams.org/mathscinet-getitem?mr=2752611
https://doi.org/10.1198/jasa.2010.tm10083
http://www.ams.org/mathscinet-getitem?mr=4257243
http://www.ams.org/mathscinet-getitem?mr=1697758
https://doi.org/10.1007/978-1-4612-1578-3_14
http://www.ams.org/mathscinet-getitem?mr=3346705
https://doi.org/10.1214/15-AOS1312
http://www.ams.org/mathscinet-getitem?mr=0695368
https://doi.org/10.2307/2529881
http://www.ams.org/mathscinet-getitem?mr=3145116
https://doi.org/10.1111/sjos.12027
http://www.ams.org/mathscinet-getitem?mr=0838963
https://doi.org/10.1109/TIT.2005.850056
https://doi.org/10.1098/rsta.2009.0156
https://doi.org/10.1198/jasa.2010.tm10083
https://doi.org/10.1007/978-1-4612-1578-3_14
https://doi.org/10.1111/sjos.12027


1572 J. KOU AND G. WALTHER

VERZELEN, N. and ARIAS-CASTRO, E. (2017). Detection and feature selection in sparse mixture models. Ann.
Statist. 45 1920–1950. MR3718157 https://doi.org/10.1214/16-AOS1513

WALTHER, G. (2010). Optimal and fast detection of spatial clusters with scan statistics. Ann. Statist. 38 1010–
1033. MR2604703 https://doi.org/10.1214/09-AOS732

WALTHER, G. (2013). The average likelihood ratio for large-scale multiple testing and detecting sparse mixtures.
In From Probability to Statistics and Back: High-Dimensional Models and Processes. Inst. Math. Stat. (IMS)
Collect. 9 317–326. IMS, Beachwood, OH. MR3202643 https://doi.org/10.1214/12-IMSCOLL923

ZHONG, P.-S., CHEN, S. X. and XU, M. (2013). Tests alternative to higher criticism for high-dimensional means
under sparsity and column-wise dependence. Ann. Statist. 41 2820–2851. MR3161449 https://doi.org/10.1214/
13-AOS1168

http://www.ams.org/mathscinet-getitem?mr=3718157
https://doi.org/10.1214/16-AOS1513
http://www.ams.org/mathscinet-getitem?mr=2604703
https://doi.org/10.1214/09-AOS732
http://www.ams.org/mathscinet-getitem?mr=3202643
https://doi.org/10.1214/12-IMSCOLL923
http://www.ams.org/mathscinet-getitem?mr=3161449
https://doi.org/10.1214/13-AOS1168
https://doi.org/10.1214/13-AOS1168

	Introduction
	Review of sparse signal detection
	Organization of the paper and notation

	The multiple blocks model
	The detection boundary for the multiple blocks model

	The structured higher criticism and Berk-Jones statistics
	Optimality of the structured higher criticism and structured Berk-Jones statistic for the multiple blocks model
	Comparison with other methods
	Discussion: What matters for good inference?

	Simulation study
	Simulation results for the very sparse case
	Simulation results for the sparse case
	Simulation result for dense case

	The multivariate case
	Clusters in a network on the square lattice
	Composite alternatives
	Discussion
	Proofs
	Some basic results
	Proofs for Section 2
	Proofs for Section 3
	Proofs for Section 4
	Proofs for Section 5
	Proofs for Section 7
	Proofs for Section 8

	Appendix
	Funding
	References

