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Abstract

Multiple testing is a commonly used tool in modern data science. Sometimes, the hypotheses
are embedded in a space; the distances between the hypotheses reflect their co-null/co-
alternative patterns. Properly incorporating the distance information in testing will boost
testing power. Hence, we developed a new multiple testing framework named Distance
Assisted Recursive Testing (DART). DART features in joint artificial intelligence (AI) and
statistics modeling. It has two stages. The first stage uses Al models to construct an
aggregation tree that reflects the distance information. The second stage uses statistical
models to embed the testing on the tree and control the false discovery rate. Theoretical
analysis and numerical experiments demonstrated that DART generates valid, robust,
and powerful results. We applied DART to a clinical trial in the allogeneic stem cell
transplantation study to identify the gut microbiota whose abundance was impacted by
post-transplant care.

Keywords: multiple testing, hierarchical testing, aggregation tree, false discovery rate,
auxiliary information

1. Introduction

Multiple testing is commonly used to discover important features in modern data science.
Each feature represents a hypothesis: the important features correspond to alternative
hypotheses, and the rest to null hypotheses. A rejected hypothesis corresponds to an
identified feature. The goal is to discover the alternative hypotheses with a controlled false
discovery rate (FDR), the expected number of false discoveries over the total number of
discoveries.

Under many circumstances, the hypotheses are coupled with other attributes in a metric
space with a known pairwise distance. For example, previous brain studies have shown that
the anatomical distance between the neurons can partially inform brain activities and neurons’
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co-functioning patterns (Alexander-Bloch et al., 2013; Perinelli et al., 2019; Kristanto et al.,
2020). For another example, the polygenic distance between amplicon sequence variants
(ASVs) often informs their functional similarity and survival (Chen et al., 2012; Garcia et al.,
2014; Martiny et al., 2015). In these examples, if we form neurons or ASVs as hypotheses,
properly incorporating anatomy distance or the polygenic distance between hypotheses can
improve the power in identifying functionally important neurons or ASVs. In other words,
the distance among the hypotheses partially reflects the hypotheses’ co-null or co-alternative
status, called co-status hereafter.

We developed a new hierarchical multiple testing procedure called DART. It incorporates
distance information to boost the power of testing. DART has two stages. The first stage
is based on Al modeling: we use the automatic algorithm to construct an aggregation tree
that incorporates the distance information and facilitates downstream testing. The second
stage is based on statistical modeling: we perform a bottom-up multiple testing procedure
on the aggregation tree to control FDR. Unlike traditional multiple testing that only uses
statistical modeling, DART combines the power of statistical models and AI models to
improve testing accuracy: statistical models are less flexible and less data-adaptive, but
they can provide highly interpretable results; AI models fail to provide interpretable results,
but they can explore complex underlying structures. Our study provides a new solution to
generate data-adaptive and highly-interpretable results.

Our work is closely related to three streams of research.

o Testing using distance/side information. Some methods incorporate side information via
parametric modeling. For example, Shu et al. (2015) imposes a 3D hidden Ising model
to model the nearby hypothesis co-status. Lee and Lee (2016) uses a scalar parameter
in a specific exponential-family distribution to control the level of co-status among
nearby hypotheses. Cai et al. (2020) uses kernel functions to enforce similar prior null
probabilities on nearby hypotheses. Lei and Fithian (2018) proposes an iterative FDR
control procedure that incorporates side information via a parametric model estimated
by the EM algorithm. These methods use parametric forms to model how distance/side
information impacts the hypothesis co-status. Although parametric methods usually
achieve good performances on simulated data, their performance on real data is unclear.
For example, for fMRI analysis, Eklund et al. (2012) used extensive real data sets to
show that many commonly used parametric models that specify temporal correlations
in fMRI analysis are inappropriate, and thus lead to highly inflated type I error in
multiple testing. Recently, Ramdas et al. (2019b) develops an FDR control procedure
that allows scientists to incorporate four types of prior knowledge simultaneously. The
procedure allows mix and match techniques and using multiple different forms of prior
knowledge simultaneously while maintaining internal consistency among the pattern
of rejections and acceptances. Besides, Xia et al. (2017) and Tansey et al. (2018)
employ neural networks to leverage side information to improve testing accuracy while
controlling FDR. All these methods specify the side information for each hypothesis
specifically. However, the distance information is not defined for each hypothesis but
for each hypothesis pair, and thus cannot be incorporated directly. Alternatively, some
methods adopt non-parametric models to incorporate distance information into multiple
testing. Zhang et al. (2011) uses a local neighborhood size and uses the aggregated
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P-values in the neighborhood to perform multiple testing, called FDR. Li et al. (2013)
uses the non-parametric propagation-separation approach (Belomestny and Spokoiny,
2007) to smooth the coefficients in the generating generalized estimating equations
(GEE) models. These methods are more data adaptive. Because Li et al. (2013) only
works for the GEE models, we will mainly compare DART with FDR, later.

o Hierarchical multiple testing.

a)

Gatekeeping. Suppose the hypotheses are grouped into m > 2 ordered families.
Gatekeeping procedures test a later family only if they reject the previous families
(Dmitrienko et al., 2007, 2008, 2011; Dmitrienko and Tamhane, 2013; Xi and
Tamhane, 2014) . The aim is to control the family-wise error rate (FWER). Gate-
keeping procedures are usually designed for clinical trials. For other applications,
the tests lose power when they discard the families of hypotheses whose previous
family is accepted.

Top-down hierarchical testing. Soriano and Ma (2017) applied a tree-structured
Markov prior distribution to the indicators of hypotheses status and then calculated
their posterior being alternative. The method relies on parametric modeling.
Yekutieli (2008) proposes a top-down testing rule similar to gatekeeping. A node
on the tree (a set with multiple hypotheses) will be tested only if its parent node
is rejected. Other top-down multiple testing procedure also have been proposed for
hypotheses structured in DAG, such as Ramdas et al. (2019a),Loper et al. (2022),
Meijer and Goeman (2015), and Goeman and Finos (2012). These methods require
the hypotheses to be partially ordered in the DAG, and thus not applicable to
general hypotheses testing. Lei et al. (2020) proposes an iterative testing algorithm
to perform FDR control on a series of contiguous candidate sets in a constrained
set. However, for hypotheses with distance information, how to turn the distance
into contiguous candidate sets is unclear.

Bottom-up hierarchical testing. This approach tests the individual hypotheses first
and then tests the aggregated hypotheses later. Our method, DART, adopts this
approach. The most similar work to ours is the one introduced by Li et al. (2020b).
They proposed a bottom-up procedure to test conjugate nodes (sets of hypotheses)
with tree structures. A conjugate node is alternative only when all its containing
hypotheses are alternative. Their method aims to control the node-level FDR. In
contrast, DART focuses on each hypothesis. It aims to control hypothesis-level
FDR. Thus, DART is fundamentally different.

o FExplainable AI (XAI). XAl aims to (a) produce more explainable models while main-
taining a high level of learning performance (prediction accuracy) and (b) enable
human users to understand, appropriately trust, and effectively manage the emerging
generation of Al partners. (Turek, 2021) However, to the best of our knowledge, no
XAI method has been proposed to control FDR in multiple testing. In general, pure
AT modeling introduces intrinsic difficulties in controlling FDR.
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2. Preliminaries

Suppose there are m hypotheses, forming the null and alternative hypothesis sets {29 and
Q1: QN =0, QU = [m]. For hypothesis i, a P-value statistic T; is derived. Previous
studies often assume the null P-values follow super-uniform distributions:

Vie QO,Vp S (0,1),P(TZ Sp) <p.

Our work relaxes this assumption. We allow a null T; asymptotically converges to a super-
uniform statistic 7; in the following way.

P(T; < p)
P(T; < p)
and P;p = {p €[0,1]: P(T; < p) > {m(log mlog logm)l/Q}_l}. (1)

sup sup

i
1€Q0 pEP;o m—co

— 1‘ < 6om, where lim dg, = o(1)

Pio excludes the left tail regions (close to zero) to make the convergence easier. Otherwise, if
P(Tl < p) is too small, the convergence is hard to achieve. If T; follows a super-uniform (resp.
uniform) distribution, we call T; asymptotically super-uniform (resp. uniform). We relax the
P-value null distribution assumptions because many P-values derived from asymptotic tests
(e.g., Wald, score, and likelihood-ratio tests) do not follow super-uniform distributions, but
they are asymptotically super-uniform.

We do not make assumptions on alternative P-value distributions. Although they can
be arbitrary, it is useful to think of the alternative P-values have larger probabilities to be
small than the uniform distributions. Thus, many methods reject the hypotheses when the
P-values are small. For example, a commonly used P-value threshold (Liu et al., 2013; Cai
and Liu, 2016a; Xie and Li, 2018) is

. ) mt _ 1
t = sup {Oém <t<a: Zze[m]l(ﬂ<t) < a} ) where o, = (m log m) . (2)
Here, the dotted fraction notation denotes the shorthand § = ;&;. The threshold ¢ for the
Benjamini and Hochberg procedure (BH) (Benjamini and Hochberg, 1995) is slightly different
but asymptotically equivalent to (2). In general, the rejection set is R = {i : T; < t} for
some threshold ¢. Then, U = ; NR is called the true discovery set, and V = Qy NR is
called the false discovery set. The false discovery proportion and rate are defined as

FDP =it FDR := E (FDP),

where |A| denotes the cardinality of set A. Our task is to design a powerful rejection
rule to asymptotically control FDR when m goes to infinity. We hope to gain power by
properly incorporating the distance information between hypotheses, assuming they reflect
their co-status patterns.

3. DART Algorithm Description

DART has two stages. Stage I uses an Al method to transfer the distance matrix into an
aggregation tree, which defines the testing structure (Section 3.1). Stage II tests hypotheses
embedded in the tree to gain power while controlling FDR (Section 3.2). An illustrating
example is provided in Section 3.3.
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3.1 Distance Matrix and Aggregation tree

Stage 1 aims to construct an aggregation tree 7 that provides a hierarchical testing
structure for stage II. The aggregation tree 7 has L layers, constructed based on the distance
matrix D = (d;;). The node-set on layer £ is denoted by A®). On the first (bottom) layer,
AWM = {{1},... {m}}; each node represents a hypothesis. In general, A" contains the
nodes representing a set of hypotheses.

The hypotheses have different co-status patterns: some alternative hypotheses might
stand-alone, some co-alternative within a small region, and others co-alternative within a large
region. For any node A, denote its diameter (within-node distance) by dia(A) = max; jea d;;.
On higher layers of T, nodes have larger diameters. We design multiple layers to construct
nodes with various diameters and adapt to various co-status patterns.

In stage II, if a node is rejected, we will reject all the hypotheses within the node. For
this purpose, we require the hypothesis distance within the node to be small so that they
are likely co-status; thus, imposing the same decision rule on these hypotheses is reasonable.
We require that for all A € AW, dia(A) < ¢, where ¢g(¥ is a distance threshold with
0<g® < ... < g Weset g) =0 because we do not need to aggregate hypotheses on
the first layer.

Another requirement is to limit nodes’ child numbers. Any node A in AW® with ¢ > 21s
formed by aggregating the nodes from the previous layer. These nodes are called the children
of A; they form the child set C(A). We require that [C(A)| < M for any node A. Here, M is
called the maximum node size. We set up this requirement to increase the following testing’s
stability: if A contains too many hypotheses, rejecting A leads to rejecting all hypotheses in
A. This introduces large variability in testing and makes the algorithm outputs unstable.

To make sure all the nodes on layer ¢ satisfy dia(A) < g() and |C(A)| < M, we developed
Algorithm 1. The key strategy is to recursively set A® based on A“~1 and find the closest
node pair for aggregation. The resulting tree depends on the tuning parameter L, M, and
g9 with £ € {2,...,L}. We introduce the tuning parameter selection criteria in Section 3.4.

Algorithm 1 is a feasible algorithm to construct an aggregation tree satisfying dia(A) < g9
and [C(A)| < M. Alternative Al approaches could also be used. For example, an aggregation
tree can be constructed by recursively applying community detection algorithms, such as
K-means clustering (Jin and Han, 2010), Louvain method (Blondel et al., 2008), and Leiden
algorithm (Traag et al., 2019), in the similar spirit of hierarchical clustering (Zepeda-Mendoza
and Resendis-Antonio, 2013). If a modified algorithm based on these algorithms could restrict
the maximum node size, it may also be applied here. The key of the desired algorithm is to
generate a tree with few mixed nodes (defined in Section 4) to ensure the asymptotic FDR
control of Step 2.

3.2 Recursive Testing Embedded in the Tree

Recall that the tree nodes consist of close hypotheses likely to be co-status. We developed
a multiple testing algorithm that incorporates the tree to improve the testing power.

Algorithm 2 describes the recursive testing procedure from the single-hypothesis layer
(bottom) to the large-node layer (top). It starts with testing all hypotheses using the
traditional FDR control procedure. This step does not use any hypothesis co-status patterns.
Thus, DART is likely to discover the hypotheses with strong signal-to-noise ratios (SNRs) on
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the bottom layer. On higher layers, DART tests larger nodes containing more hypotheses.
The weaker-SNR hypotheses are likely to be aggregated then to increase their identification
chances.

Algorithm 2 mentioned a few new terms: dynamic nodes, candidate node P-values, and
recursive P-value cutoffs. We provide more details on these terms below.

Candidate dynamic nodes. The dynamic nodes are the nodes excluding the rejected
hypotheses on previous layers. If a hypothesis is rejected, we will not test it again. There are
two main reasons. First, if the rejected hypotheses were not removed, they could become non-
significant after being aggregated with other null hypotheses on higher layers. It introduces
interpretation difficulties. Second, a rejected hypothesis on low layers usually has strong
SNRs. If we include these hypotheses in higher layers, this hypothesis alone may make the
entire node significant, even if the node contains null hypotheses. Then, the rejection of the
entire node may lead to false rejections on its containing null hypotheses.

A candidate dynamic node is a dynamic node with |C(S)| > 2. If a node S has |C(S5)| =1,
this node must have been tested on previous layers. Thus, we do not need to test it again.
The set of the candidate dynamic nodes on layer ¢ is denoted by B.

Candidate node P-values. For any candidate dynamic node S, we use the Gaussian
aggregation approach to derive candidate node P-value: Tg = ® {Zjes <T>_1(Tj)/\/|5|},

where ® is the complement cumulative density function (CCDF) of the standard Gaussian
distribution. The aggregation is efficient. Alternatively, we may consider using other
aggregation approaches, such as the Fisher’s combination (Fisher, 1925), the chi-square
aggregation, and the Cauchy aggregation (Liu and Xie, 2020). The Fisher’s combination and
the chi-square aggregation approaches have lower power than the Gaussian aggregation when
the hypotheses in the node are co-status. The Cauchy aggregation relies on the heavy-tail
Cauchy density; thus, it introduces theoretical challenges to studying the asymptotic null
distributions of the node P-values. The main challenge lies in accounting for the post-selection
effect: the hypotheses and their P-values only have the chance to be aggregated when they
are not rejected on the previous layers. In contrast, for Gaussian aggregation, the post-
selection problem can be solved because the candidate node P-values are still asymptotically
super-uniform (Lemmas 7 and 8). Thus, we go with the Gaussian aggregation.

P-value cutoffs. On layer ¢, we already have the set of the rejected hypotheses on the
previous ¢ — 1 layers, denoted by R4~ We set up the P-value threshold ¢ as

1O = sup { apy <t < v remmmeee EE T <ab. 3
T R+ Y sepo [SI(Ts < t) ~ &

Here, o, = (mlogm) =" and m¢) = |BW)]|. Tt is easy to see that £) depends on the previous
layer’s cutoff and rejection set. Comparing £ in (2) and £9) in (3), it is easy to see that they
share some similarities. The numerators bound the false discoveries asymptotically, and the
denominators count the total discoveries. By making the fraction less than or equal to the
desired FDR level a, DART asymptotically controls the weighted node-FDR (Section 4).
DART also asymptotically controls the hypothesis level FDR when most nodes contain
co-status hypotheses.
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Algorithm 1: Transform the distance matrix into an aggregation tree.

Data: Distance matrix D = (d;;)mxm, maximum layer L, maximum node size M,
distance thresholds g\) with ¢ € [L].
Result: An aggregation tree 7 = {AY : ¢ € [L]}.
AL = {1}, {m}}
for ¢ e {2,...,L} do
AB = A=Y lag—TRUE ; Initiate AW
Calculate the between-node distances: V Ay, Ay € AO),
diSt(Al, Az) = MaXjc A, jcAy dij;
while flag=TRUFE do
Pick up the node pair (A;, Ay) with the smallest between-node distance;
if dist(A;, Ay) > g then flag—FALSE ;
else
if |C(A; U As)| < M then
Put A = A; U Ay in A® and remove A; and fulg;
Set the between-node distance: ¥ A € A®,
dist(A4, A) = max, d

icAjeA Yijs
else Update the between-node distance: dist(full, Ag) = 00;

Algorithm 2: Recursive testing embedded in the tree.

Data: P-values T1,...,T,,; tree T = {A@) : 0 € [L]}.
Result: Rejection set R.
Following the BH procedure (2) to set the threshold {1 and R = I(i : T} < t();
for ¢ € {2,...,L} do
Define the candidate dynamic node set B = {S: S = A\ R,|C(S) > 2|};
For all S € BY, get the candidate node P-values Ty ;
Set the recursive P-value cutoff {¥) as in (3) and let Rr(fo)de ={5:Tg <i®};
Map the rejections to hypothses and update R=RU{i:i € 5,5 € Rffo)de}.
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3.3 A Toy Example to Illustrate DART

We provide a toy example in Figure 1 to illustrate DART. The detailed algorithm
descriptions are provided in Algorithm 1 and Algorithm 2 in Section 3.

Stage I: Transform the distance matrix into an aggregation tree Signal-to-noise
ratio
a b Layer 3 = Strong
(@ | ®) 7 i
Layer 2 \
@ =2) l I
Weak
Layer1 42, ,4,.5;;5; ..... 17\1 e
& =0) - e
Null

Tree nodes ':_:’ Dynamic nodes O
Rejected nodes D Accepted nodes O

Stage ll: Embed multiple testing in the tree
() Layer 1 Layer 2 Layer 3

z s

4&4@% %%é %O

1

7N

. - N7
ole é . ®
l‘éé@éé@ o d® ® O

Feature rejection set: Feature rejection set: Rejection feature set:
R® = (1,3 R® = {4,5) RY =g
RUD = (1,3,4,5) R1D = {1,3,4,5}

Figure 1: An illustrating example of DART with 7 features.

Figure 1(a) shows the distance matrix of the seven hypotheses. In stage I, we transfer the
distance matrix into the 3-layer aggregation tree based on Algorithm 1. The resulting 3-layer
aggregation tree is shown in Figure 1(b). Each leaf (node on the bottom layer) on the tree
corresponds to a hypothesis and a test statistic. The gray scales illustrate the underlying
SNR ratios in the statistics; these SNR ratios are unknown.

In stage II, we perform the multiple testing embedded in the aggregation tree based on
Algorithm 2. We start from the bottom layer and hierarchically proceed to higher layers.

e On layer 1 (the bottom layer), hypotheses 1 and 3 are rejected because their test
statistics have strong SNR ratios.



DART: DISTANCE ASSISTED RECURSIVE TESTING

e After the testing procedure on each layer, the rejected nodes are marked by solid
squares and the accepted nodes solid hexagons. If a node is rejected, all its containing
hypotheses are rejected.

e When testing on a higher layer, all previously rejected features are excluded from the
nodes (dashed-line circled) to form the dynamic nodes (solid-line circled) on this layer.
For example, on layer 2, tree node A; = {1,2} turns into the dynamic node S; = {2}
because hypothesis 1 is rejected on the bottom layer. .S; will not be tested on layer two
because it only contains hypothesis 2, already tested on layer 1. Using the terminology
in Section 3.2, the number of children |C(S2)| = 1; thus, S is not a candidate dynamic
node and will not be tested on layer 2. For another example, Ay = {3,4,5} turns to
the dynamic node Sy = {4,5} on layer 2 because hypothesis 3 was rejected on the
bottom layer. |C(S2)| = 2 and thus, it will be tested on layer 2.

e The test statistics of hypotheses 4 and 5 have relatively weak SNRs. They are not
significant enough to be rejected on layer 1. However, on layer 2, they are aggregated
to form the dynamic node Sy = {4,5}; the aggregated SNR is large enough so that So
is rejected, leading to the rejections of hypotheses 4 and 5. Thus, the power of DART
is higher than the power of a single-layer testing method.

3.4 Tuning Parameter Selection

Proper parameters will result in a tree empowering testing. We suggest setting the
maximum node size M as 2 or 3. Appendix C verified that when M =2 or M = 3, DART
asymptotically controls FDR and is more powerful. Denote the desired minimal number
of nodes on layer L by ¢,,. If ¢, < 35, DART’s asymptotic validity might fail to kick in,
leading to possibly inflated FDR. Therefore, we request ¢,;, > 35. Accordingly, we set the
maximum layer number L = [logy, m — logy ¢m] < |logy, m — logy,35]. The distance
thresholds are set recursively to maximize the number of candidate nodes on each layer.
We first try a set of possible thresholds G = {g1,...,9x}. On layer £ with £ > 2, we let
GO = {geG:g> g(e_l)}. Hierarchically, on layer £, we try every g € G and count
the number of resulting candidate nodes on this layer. We set ¢(©) as the ¢ with the most
candidate nodes. See Algorithm 3 in Appendix C for details.

4. Asymptotic Validity

This section shows that DART asymptotically controls the hypothesis FDR under mild
conditions.

Weighted node-FDR and hypothesis FDR. For any candidate dynamic node, if the
node contains any alternative hypothesis, we call the node alternative; otherwise, it is called
null. On layer ¢, we denote the set of null candidate dynamic nodes by B((f) and the set of

rejected nodes by R .- Then the weighted node-FDR is

nod

Y1 Yger® o 18] i ®
FDP, o T SR B :.”Z;?.TE.Z.:.S.E.R“{)@ .............. ., FDRyode = E(FDPp0qe).

L
21 2ger®, 1S R
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In contrast, the hypothesis FDR is

FDP = sl , FDR = E(FDP).

Notably, FDPo4e only accounts for the false discoveries in null nodes. If an alternative
node containing both null and alternative hypotheses is rejected, the rejection will not increase
the numerator of FDP o4 but will increase the numerator of FDP. Thus, FDP 44 < FDP.
Although our ultimate goal is to control FDP, we control FDP,,qe as an intermediate step.
The difference between FDP,,q. and FDP relies on the number of the rejected mixed nodes
that contain both null and alternative hypotheses.

Weighted node-FDR control. We require the following conditions for weighted
node-FDR control.

e Condition 1. Sparse alternatives. The alternative hypothesis number m; = O(m™), for
some 11 < (ME=1+1)71

e Condition 2. Sufficient moderate SNR nodes (see Definition 4 in Appendiz A). Denote the
number of moderate SNR nodes on the tree T by my,q. We require that mpy,q > O(logm).

A moderate SNR node (a) contains no hypotheses that will be rejected with non-vanishing

probabilities before its locating layer, and (b) will be rejected on its locating layer with

a non-vanishing positive probability. The existence of these nodes is to guarantee that

some alternative nodes are rejected on each layer so that the threshold ¢ is not too

small; otherwise, the number of total rejections will be too small so that a single false
rejection would inflate FDR.
e Condition 3. Almost independence. Most hypothesis P-values are mutually independent.

The number of dependent P-values does not exceed o(mpq).

Here, Conditions 1 and 2 are inherited and extended from the previous multiple testing
literature (Cai and Liu, 2016b). Condition 1 assumes the alternative hypothesis sparsity.
Condition 2 usually holds when the sample size n is sufficiently large compared to p, L is
properly chosen, and the signal-to-noise ratio distribution of the alternative hypotheses has
continuous support over a large range. Condition 3 is a strong assumption. We require it
to ensure that after higher-layer aggregation, most node P-values are still asymptotically
super-uniformly distributed under the null. It is possible to relax this condition. However,
the proof will be much more complicated.

Lemma 1 Under Conditions 1-3, at any pre-specified level o € (0,1), Algorithm 2 satisfies

the following asymptotic validity.

(a) For any € > 0, limy;, 00 P(FDPpode < @+ €) = 1. Consequently, limy, oo FDRpode < .

(b) Let Qq be the set of null P-values that are asymptotically uniform. Iflim,,_ e |Qo|/m =1,
then for any e > 0, lim, 00 P(|FDPpode—a| < €) = 1. Consequently, lim,, o0 FDRyode =

Q.

See Appendix B for proof of this lemma. Two main challenges in the proof are the
hierarchical testing structure and the post-selective effect introduced by the dynamic nodes.
Thus, we proved the FDR,,qe control recursively, starting from the bottom layer. The
bottom layer follows the BH procedure. Then, given the FDR,,qe control on the previous
layers, we proved the control on the current layer. Recall that dynamic nodes do not contain
the already-rejected hypotheses. To account for the post-selection effect, we proved that

10
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conditioning on the testing results from the previous layers, the dynamic node P-values are
still asymptotically super-uniform or asymptotically uniform.

Hypothesis FDR control. Previously, we constructed a tree where the hypotheses
were hierarchically aggregated into the nodes based on their distance. Thus, we expect
many nodes contain co-status hypotheses. However, some large nodes on high layers may
be mixed, containing null and alternative hypotheses. Some mixed nodes are concerning,
while others are not. For example, suppose a node A on layer ¢ contains null hypotheses,
strong SNR hypotheses (see Definition 5 in Appendix A) and weak SNR hypotheses (see
Definition 6 in Appendix A). The strong SNR hypotheses are probably rejected before layer £.
Thus, when Algorithm 2 reaches layer ¢, A probably already turns into a dynamic node only
containing the null and weak SNR hypotheses. The weak SNR hypotheses are the alternative
hypotheses unlikely to be rejected. As a result, the null hypotheses in A will not be rejected,
and thus, the existence of A will not inflate the FDR. Thus, to control FDR, we only need
to restrict those concerning mixed nodes whose null hypotheses are likely to be rejected with
non-vanishing probabilities.

Definition 2 (Concerning mixed nodes) For any node A € A, let
A* = A\ (Lt U Qi)

where Qg is the strong SNR hypothesis set, and Q. is the weak SNR hypothesis set. The
definitions of Qg and Q. are provided in Appendiz A. If A* N Qo # 0 and A* N Qy # 0, we

call A a concerning mized node.

o Condition 4. sparse concerning mized nodes. On the top layer of the tree A%, the number
of the concerning mixed nodes cannot exceed o(Mmyq).

We allow the existence of concerning mixed nodes, but to asymptotically control FDR,
Algorithm 2 cannot afford too many of them. Condition 4 specifies the tolerance level.
Intrinsically, Condition 4 depends on the assumption that the distance matrix predominantly
reflects the hypothesis co-status. If so, with properly selected {g() : ¢ € [L]}, Algorithm 1
will probably generate a tree satisfying Condition 4, because it uses the greedy algorithm to
aggregate the closest remaining hypotheses. On the other hand, if this assumption does not
hold, Algorithm 1 cannot generate a tree with nodes implying hypothesis co-status. Under
this case, we do not recommend using DART.

By adding Condition 4, we extend the FDR g, control to FDR control (Theorem 3).

Theorem 3 Under Conditions 1-4, at any pre-specified level o € (0,1), Algorithm 2 satisfies

the following asymptotic vality.

(a) For any € > 0, limy, oo P(FDP < oo+ €) = 1. Consequently, lim,, oo FDR < «.

(b) Let Qq be the set of null P-values that are asymptotically uniform. Iflim,, e |Qo|/m =1,
then for any € > 0, lim,, oo P(|FDP — a| <€) = 1. Consequently, lim,, oo FDR = «.

5. Numerical Simulation

We simulated m = 1000 features located in the two-dimensional Euclidean space with
randomly generated location coordinates: the first coordinate follows N(0, 2), and the second

11
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coordinate follows Unif(0,4). A distance matrix D = (d;;)mxm was calculated based on the
Euclidean distance between two features’ locations. Feature ¢ links to a parameter of interest
6;. The hypotheses are Hy; : 0; = 0 versus Hy; : 6; # 0, i € [m].

We considered four settings, SE1-SE4. SE1 simulated a straightforward case where the
P-values follow uniform distributions under the null. SE2 misspecified the null distributions
of the test statistics, in order to evaluate the methods’ robustness. SE3 simulated the linear
regression model, and SE4 simulated the Cox proportional hazard model; their P-values were
derived from the Wald tests. Each setting contained 200 repetitions. The setting details
were described in Appendix C.

Under different nominal FDR levels a € {0.05,0.1,0.15,0.2}, we compared the perfor-
mance of DART and its competitors: BH (Benjamini and Hochberg, 1995), AdaPT (Lei and
Fithian, 2018) and FDRy, (FDRf, I and FDRy, II) (Zhang et al., 2011). AdaPT incorporates
the location coordinates as side information; DART incorporates the distance matrix; FDRp,
incorporates the information of each hypothesis’s k nearest neighbors. Thus, the settings
favor AdaPT because we provided it with the most information. The tuning parameters
used in DART, AdaPT, and FDR}, procedures were discussed in Appendix C.

Figure 2A shows the type I error (measured by average FDP) and power (measured by
average sensitivity) and their error bars of various methods:

e Average FDP: Under SE1, SE3, and SE4, DART, BH, AdaPT, and FDRy, II control
the average FDP well. Under SE2, DART’s (resp. BH’s) average FDP is slightly
inflated when o = 5% (resp. a < 15%). This is because we deliberately misspecified
the P-value null distributions in SE2. AdaPT has consistently good FDR control. In
contrast, FDR, I exhibited severe FDR inflation under all four settings. FDRy, I has
longer error bars than DART; so does FDRy, IT when o > 10%. This suggests that
DART’s FDP is less variable than FDRy, I and II.

o Average sensitivity: DART’s sensitivities are consistently higher than BH. DART has
much higher sensitivities than AdaPT (resp. FDRy, II) when o < 15% (resp. a < 10%)
and slightly lower sensitivities when o = 20%. If a low nominal FDR level (such as
5%) is preferred, DART is the most powerful among all methods.

o Computation time: DART is computationally efficient. For example, on average, one
run (per repetition) of DART takes only 0.64 minutes across all settings. In contrast,
AdaPT failed in generating any testing results within 8 minutes in about 17% of the
runs (Table 1 in Appendix C). Among AdaPT’s successful runs (within 8 minutes),
one run on average takes 3.90 minutes. DART is at least 6 times faster.

DART assumes that the distances reflect the hypothesis co-status patterns. However, in
practice, this assumption could be partially violated. To assess the methods’ robustness, we
switched the proportion 7 of the alternative hypotheses with the null hypotheses (Appendix
C). Figure 2B shows that FDR, have inflated average FDP when the switching proportion
7 > 6%. All other methods still have good FDR control. Even under these assumption
partial violation cases, DART’s sensitivity is still much higher than BH. Compared to AdaPT,
DART still has higher sensitivity when o < 15% and a slightly lower average sensitivity
when a = 20%. These results show that DART’s performance is consistently satisfying even
when the data are less ideal.
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Figure 2: A, FDP and sensitivity of various testing methods under SE1-SE4. B, FDP of
various testing methods under SE1-SE4 when proportion 7 of the alternative
hypotheses were switched with the null. The dashed lines in the FDP panels mark
the nominal FDR levels.
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One reason for DART’s satisfying performance is because DART incorporates Al modeling
to transfer the distance matrix into an aggregation tree, which later defines the testing
structure. The AI modeling is data adaptive (compared to fixed neighborhood modeling as
in FDR,) and robust (compared to the parametric modeling as in AdaPT) and thus generate
satisfying results under various settings.

6. Real-world Experiment

We applied DART to a clinical trial on hematopoietic stem cell transplantation (HCT).
Graft-versus-host disease (GVHD) is one of the major complications of HCT. Recent studies
have linked GVHD to the disruptions of the gut microbiome (Jenq et al., 2012). The
disruptions may be related to the environmental changes such as post-transplant care
(Claesson et al., 2012). This study investigates the impact of two post-transplant cares, home
care (HC) and standard hospital care (SH), on patients’ gut microbiota compositions.

In our data, patient fecal samples were collected before and after HCT}; the fecal micro-
biome are sequenced by the 16S ribosomal RNA sequencing at the Memorial Sloan Kettering
Cancer Center. The data were then pre-processed by the R package, DADA2 (Callahan
et al., 2016), to generate the amplicon sequence variants (ASV) and the read counts. To
improve the analysis quality, we removed the ASVs present in fewer than 10% of the samples.
Samples with follow-up time longer than 1-year was also removed from the study. The zero
counts were replaced by 0.5 (Aitchison, 1982; Kurtz et al., 2015).

After pre-processing, our data contain 456 microbiome samples from 126 leukemia patients
before and after the HCT. Each microbiome sample contains 866 amplicon sequence variants
(ASVs). We excluded the 9 ASVs with missing taxonomy order information. In microbiome
studies, the ASV relative abundance (measured by its abundance proportions) is more
meaningful than its absolute abundance. Thus, for the remaining 857 ASVs, we calculated
their log odds. Here, the odds for an ASV is

ASV abundance proportion
odds =

1 — ASV abundance proportion’

These ASV’s abundance proportions do not add up to 1 because 9 ASVs were excluded.
We set up the longitudinal linear mixed model

Yijk =00, + 01, Wi + 02, Wo i + 03 W1 jxWa ji + bij + €5k (4)

Here i is the ASV index, j is the sample index, and k is the patient index. The outcome
Yk is the log odds of ASV; when sample j of patient k£ was collected. For patient k, Wy is
one’s after-transplant care type (HC for 1 and SH for 0), Wy j;, is care time length. b;; is
the random effect to incorporate the dependence across measurements for the same patient,
and €;;; is the random error. To identify ASVs whose abundance change is impacted by
the after-transplant care (the interaction between the post-transplant care type and time),
we set up the hypotheses: Hp; : 03; = 0,7 € [857]. The distances between the hypotheses
were defined by the evolutionary distances among ASVs. Previous studies showed that
evolutionally close ASVs might be functional similar. (Chen et al., 2012; Garcia et al., 2014;
Martiny et al., 2015). We used the Wald tests to calculate the P-values.
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Figure 3: Forest plots to visualize the after-transplant time effect in home care group (HC)
and standard hospital care group (SH) on the abundance of 43 DART-identified
ASVs. A dot represents the estimated time effect on an ASV; a vertical line marks
its 95% confidence interval. Here, CSS stands for Genus Clostridium sensu stricto.

We applied BH and DART to test the hypotheses with the nominal FDR level 5%. Details
about aggregation tree construction in DART can be found in Appendix C. BH failed to
identify any important ASVs. In contrast, DART identified 43 ASVs by incorporating the
evolutionary distance information among ASVs. Among them, 39 ASVs have well-annotated
Genus information. Figure 3 shows their log relative abundance change across time in
home-care (HC) and standard hospital care (SH) groups Higher abundance in Enterococcus,
Clostridium XI and Akkermansia were associated with more severe GVHD (Payen et al.,
2020; Li et al., 2020a,a; Shono et al., 2016). Most of the ASVs in these three genera had
less abundance over time in the home care group, suggesting home care might help reduce
the GVHD severity. Higher abundances in Bacteroides, Anaerostipes and Lactobacillus were
associated with reduced GVHD severity (Payen et al., 2020; Lin et al., 2021). Almost all the
identified ASVs in Bacteroides had increased relative abundance in the home care group but
decreasing abundance in the standard hospital care group. These findings suggested that
home care might help relieve the GVHD severity.

7. Conclusion and Discussion

In this paper, we developed a novel multiple testing method, DART, to incorporate
feature distance in multiple testing. Under many application contexts, the feature distances
serve as auxiliary information of their co-importance pattern. DART incorporates this
information to boost the testing power. DART applies to the P-values obtained from many
asymptotic tests, and thus can work with a wide range of models.

Stage 1 of DART involves constructing an aggregation tree. We provided Algorithm 1 to
construct the aggregation tree. Other algorithms may also work, and result in a different
aggregation tree from the same distance matrix. Consequently, Stage 2 testing process could
lead to different results based on different trees. In practice, if several aggregation trees exist,
DART can be applied to all of them, and we can take the one with the most rejections. The
asymptotic validity will still hold for this procedure.

The main limitation of the work is that the FDR control is asymptotic and relies on
several conditions. Recently, many hypothesis testing literature develops finite-sample FDR,
control procedures. These procedures usually impose stronger assumptions on p-values
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or test-statistics (Lei and Fithian, 2018; Ren and Candés, 2020). The primary obstacle
for incorporating these conditions into DART lies in ensuring that higher layer p-values
or statistics also adhere to them, thereby facilitating higher layer FDR control proof via
deduction. This intriguing area of research warrants further exploration. Additionally, we
aspire to alleviate Condition 4 without relying on the presumption that the distance matrix
primarily represents co-status patterns. Our objective is to devise a robust testing algorithm
that ensures FDR control in the absence of this assumption while enhancing power when the
assumption is valid.

In conclusion, our paper initiates an attempt at joint Al-statistics modeling to generate
data-adaptive, powerful, and high-interpretable analysis results. It can be easily extended to
the case where other information implies the co-importance pattern of the features. Such
information could from domain knowledge, external data sets, or other resources. In addition,
the hierarchical testing ideas and techniques can also be extended to solve other multiple
testing problems.
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Appendix Appendix A. More Definitions

In Section 4, we introduced a few terms, including moderate SNR nodes, strong SNR
hypotheses, and weak SNR hypotheses. We provide their mathematical definitions here.

Appendix A.1 Moderate SNR Nodes

For any node A, we define its descendant set as
D(A) = {D: 3¢, such that D € AY and D G A}.
The descendant set contains all the nodes from previous layers that a subset of A.
Definition 4 (Moderate SNR node) A node A is called a moderate SNR node if

P{T4 < am, VD € D(A), Tp > ®(m™1\/logm)} > C; > 0, (5)

To provide more intuitions on the moderate SNR nodes, we provide a sufficient condition
for a node being a moderate SNR node when the test statistics are Gaussian-distributed.

Example 1 A sequence of independent Gaussian-distributed test statistics Z; ~ N(7;, 1) for
i € [m]. To test the two-sided hypothesis

H;:17,=0 wersus T; #0,

we derive the P-value T; = 2®(|Z;|).

In example 1, if a node A satisfies

Vi € A, |n|e<7m i )

VIAT V1A -1

with B, = v/2(1 — 1) logm — 2loglogm and ~,, = \/2logm + logloglogm, (6)

then A has moderate SNR. We request each 7; falls in the range involving 3, and ~,,; both
slowly increase with m. In practice, the test statistics are calculated based on the observed
samples. We usually consider the sample size n increases with the number of hypotheses m.
As sample size n increases, the alternative SNR 7; will also increase, often at the rate of y/n.
Thus, we usually expect to have some alternatives whose SNR falls into the range.

In (6), each 7; needs to fall in the range. More generally, the purpose to define moderate
SNR nodes is to define a set of alternative nodes (a) remaining in tree till they become
candidate nodes, and (b) having large enough signals to be discovered when they become
candidate nodes. We only need O(logm) such nodes to make sure the multiple testing
procedure is stable and asymptotic valid.
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Appendix A.2 Strong SNR Hypotheses

The definition of strong SNR hypotheses is linked with the definition of strong SNR node.
On layer 1, we define strong SNR hypotheses. On layer ¢ with £ > 2, recursively, we exclude
the strong SNR hypotheses defined on previous layers from each node, and then evaluate if
this node is a strong SNR node; if so, all the hypotheses in this node are counted as strong
SNR hypotheses. This process ends till reaching the top of the tree. Denote the strong SNR

node set on layer £ by Qs(f) and the strong SNR hypothesis set on layer ¢ by ng). To initiate,

let QY = .

Definition 5 (Strong SNR hypotheses) On layer ¢, after excluding the strong SNR hy-
potheses from the previous layers, define

A — (AN U5 0l s A e A0y,

For any node A € A®) if for alli € A,

1—ry

P{T; € x(|A])} > 1 — o(m™™) with x(|A]) = [m A1, {m(logmloglogm)l/Q}_l/‘A‘], (7)
Then A is called a strong SNR node. The strong SNR hypothesis set on layer £ is
ng) ={ie A: Ais a strong SNR node in A}
The overall strong SNR hypothesis set is defined as Qg = UZL;IQE?.

With a high probability converging to 1, no hypothesis in ng) will be rejected before layer ¢,

but all of them will be rejected on layer £.

1—7rq

Note that on layer ¢ > 2, it is possible that {m(logmlog logm)l/Z}fl/lAl <m M-,
which leads x(|A|) = 0. In that case, strong SNR nodes do not exist. Our method does not

require the existence of the strong SNR nodes.
Under Example 1, (7) is satisfied when the SNR

with B, vm defined in (6), A, = /211 logm. (8)

. _m_ P _
75| € \/@+>\m’\/w7_1 A

Appendix A.3 Weak SNR Hypotheses

Weak SNR hypotheses are those with weak SNRs so that they are very unlikely to be
rejected if aggregated with other null hypotheses.

Definition 6 (Weak SNR hypothesis) For any alternative hypothesis i € Q, if
r1—1
P(T; € 1) = o(m™") with = (0, m M= )s 9)
this hypothesis is called a weak SNR hypothesis.

Under Example 1, (9) is satisfied if |7;| € (0, B /V ML),
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Appendix Appendix B. Proofs of Main Theorems

We introduce some notations before we provide the proofs. On layer £, for a working node
SeBO letU(S) ={S" C S:5" €U, B¥)} be the collection of sets in the testing path of
S. In addition, let 4°(S) = {S" € U, L, B¥) : $"NS =0,5"US C A, for some A € A}
be the collection of sets that was planning to combined with S on layer ¢ of the static
aggregation tree but rejected on previous layers. When S € BUY | we set U(S) = U(S) = 0.
We define Gg(c) as the complementary CDF conditional on previous testing results. When
¢ =1, we have S = {i} C {1,...,m}, and Gs(c) = P(Z; > ¢) with Zi,...,Z,, b N(0,1).
When ¢ > 1, the oracle rejection path for set S € BY is recursively defined as

QU = (z: VS €U(S), Ge(Zs) 2 115 (a),VS" € U(S), Gon(Zsr) < 15 (a)},
where
Gs(c) = P (Zs > ¢| QD)

and Zg = > ;.9 Zi/+/|S|, and Lg/,lgn € {1,....0 — 1} is the value s.t. 5’ € BUYs) and
5" e BUs) respectively.
Given Z1,..., Zy are mutually independent, we have

Gs(c) =P (Zs > VS € U(S), Gg(Zg) > i) (a))
Given the definition of Gg(c), we define the rejection path as
QU = {1 S’ €U(S), G (Xr) 2 105 (), 8" € U(S), G (Xn) < 105 (@)} (10

In addition, for two sequence of real numbers a,, and b,,, we write a,, = o(b,,) when
am/bm — 0, and a,, = O(by,) when lim,, 00 |am,/bim| < C for some constant C. To prove
the asymptotic properties of DART, we need the following lemmas. The proofs of lemmas
are shown in supplementary materials.

Lemma 7 Let P; = {p € [0,1] : P(T; < p) > e(m)} and P! = {p € [0,1] : P(T; < p) >
e(m)é (m)}, with e(m), € (m) — 0. For any set of independent random variable T € [0,1],
and a collection M ={S C {1,...,m} : |S| < co} with some constant cy,

(1) If  maxicpsupyepr | P(T; < p)/ P(T; < p) — 1] = 0, then,

sup sup

‘P(Zieso X@ > Cg, (p))
SoEM p>e(m)

= - 1‘ — 0,
P(> ics, Xi > ¢s,(p))

(2) If  limy,— 0o max;c SUPpcp/ (P(Tl <p)/P(T; < p)— 1) <0, then,

P(ZiESQ Xl > CSo(p)) . 1) <0

lim sup sup < ~
P(Zieso Xi > CSo (p))

M= gheM p>e(m)

Here, X; = ®~(T}), Xi = &Y (T}) and cs,(p) is the value s.t. P[> ics, X; > cs,(p)] = p.

19



L1, SUNG AND XIE

Lemma 8 Let Qo = {i : T} follows Unif(0,1)}, B(()i) ={S e B(()E) ;34 e AP\ A st.S C
A}, and B(()? ={S e B(()Q . S € Qo}, we have:

Gs(c)
©(c)

(1) max sup
SeBY) c€[0,7m]

—1‘—>0

P(XS > C‘Q(Lé_l))
P(XS > C)

(2) max sup ’ - 1’ —0

SeBY) ce(0,8-1(1/m))
Lemma 9 Define

X@):{x: S ISII(Ts <i0) — Y |S|£<f>§{ > Slf“)}e} (11)

seBf’ seBf seBl!

, > eopo [SI(Ts < £9)
X0 = :17:' 5€by - —1’26
2 send |S[EO)

Then, V¢ =1, ..., L, when the FDR control holds on layer 1,....,0 — 1,

(1) For all € € (0,a), if P(mi) > Ccpg) — 1, then P(XY) = 1 — o(1). Together with
limy, o0 [Qo|/m = 1, we have P(X' ) =1 —o(1).

(2) Onnf_ XM there exist a constant C s.t. i) < Cmm—1.

(3) Let ég be the rejection threshold for the test node S € BY, s.t. Gg(ég) =1, Then on
)

és > Bm, VS € BY,
and on ﬂfl;llé’((h),

es < Ym, VS € BO.

Lemma 10
S|E0)
> sen®!S] A
Y sep®|SH(Ts < {0)

=a(l+o(1)) (12)

Proof [Proof of Theorem 3| Let V) = {S ¢ Béﬁ) : S cROY and WO = {S € Bgz) :
S C R(K)} be the false rejection node set and the rejection node set on layer ¢, respectively.
Define

X1 ={SeU W9 :8n0, #0and SNQ # 0}
Xy ={S eU WO : 5N £0, S\ (U Q) =0 and SN Q£ 0}
Xy ={S e UL WD : 5O\ (R U Q) # 0 and SN Qp # 0}
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Then,

P(Xl 7& (b) < P(Xl 7& ®| ﬂl%zl X(é)) P(ﬁeLzl)((f)) + P((ﬂl%‘:lX(f))C) <Cm" 0( ) i 0(1)
P(Xs # 0) < P(Xy # 0| Ny XY P(NL, x®) + P((NE, xO))
(a

~

< Cm" P +o(1)

X5>,3m‘S€Q U Qo

<Cm™o(m™ ") 4 o(1) = 0

Here, the inequality (a) is based on Lemma 9 (1) and (3). By condition 4, |X5| = o(c¢md),
accordingly,

L
ZZ:I ZSGV“) S|
L
ZZ:l ZSERM)G{ |S|

> sevona, 1S
)+ E Pl =" _>a+et+o(l)] =0
(ZSeRa) 5] )

node

P(FDP>a+e)§P(X1UX27£®)+P< >a+e,X1UX2:®>

So statement (a) is proved. The statement (b) can be proved in the similar way. [ |

Appendix Appendix C. Additional Details on Simulation and Real Data
Analysis

All the experiments were conducted on 2.10 GHz Intel Xeon Gold 6252 processors with
16 Gb memory at the Duke Compute Cluster. We requested 80 cores when running the

simulation experiments to save time. Experiment code can be found in https://github.

com/jichunxie/DART_manu_support.git. We also built an R package, which can be found
in https://github.com/jichunxie/DART.git.

Appendix C.1 Details on Numerical Experiments

We generated four simulation settings, each with n = 300 observations on m = 1000
features (hypotheses). All four simulation settings were based on a set of parameters
ni,1 € [m] related to alternative hypothesis signal levels. We defined two driver features 7
and 156; the features close to them were likely alternative. We also added 10 stand-alone
features. Define the stand-alone feature set 9 = {100,200, ...,1000}.

ni = {[3.4¢1(d156,;) — 0.8] V O} + 3{2(d7)} + 10 I (i € Qa),
ni = A (n; > 0.15)

Here, ¢1 and ¢9 are the probability density functions of N(0,0.8) and N(0,0.05), respectively.

Once feature locations and signals 7;s were generated, they were fixed across all settings and
all repetitions. We visualized the feature locations and their n; in Figure 4.
Below is the list of the four settings.
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Figure 4: Illustration of the simulated hypotheses’ affiliated location and their corresponding

SE1:

SE2:

SE3:

SE4:

n;- A dot stands for a hypothesis. The dot color indicates its corresponding
hypothesis status; and its size is L-eta = log(n; + 1) + 0.01.

For node i € {1,...,m}, we generated the P-values T; = 2&(|Z;|) with Z1,..., Zn,
independently from N(y/nb;,1), with 6; = ém.

For node i € {1,...,m}, we generated the P-values Tj = 2&(|Z;|) with Zy,..., Z,, inde-
pendently from the mixed Gaussian and T distribution 0.04t5(y/n6;) + 0.96N(y/n0;,1).
Here, t5(1/n;) stands for the student t distribution with the degree of freedom 5 and
none centrality parameter y/nf;, with 6; = %m.

Consider the linear mode Y; = ¥ ;+0;W1+192 ;Wa+-¢€;. Here, Wi and W5 were generated
from Binom(0.5) and Unif(0.1,0.5); ¢ was from N(0,1). We set ¥y ; = Y2, = 0.1 and
0; = %m. The P-values T; were generated from the Wald test of testing whether 6; is
Z€ero.

We generated the data D = {(Wi;, Wa;, Ay, Eij) + i € [m],j € [n]}. Here, the
covariates W1 j and Wy ; were sampled from Binom(0.5) and Unif(0.1,0.5), respectively.
E;j € [0, +00) is the survival time and A;; € {0, 1} is the event indicator. The true event
time was generated from the exponential distribution with the rate exp{6; W1 ;+v;W> ;},
where 9; = 0.1 and 6; = %m. The centering time C;; was generated from Unif(0, 5).
The observed event time was set as E;; = min{Eij, Ci;}. We used the Cox regression
model to regress the covariates Wi ; and Wa ; on the event (A;;, E;;) Cox (1972). The
P-values T; were generated from the Wald test of testing whether 6; is zero.
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To check the robustness of the algorithms when the distance cannot fully reflect the
co-status patterns, we switched some hypotheses’ null/alternative statuses. In particular, we
randomly changed proportion 7 of alternative hypotheses to be null and proportional 7 of
the null hypotheses to be alternative. The switching rate 7 reflects the violation level of the
co-status patterns. Here is the detailed switching process.

(1) Denote the original null and alternative sets by Q) = {¢ : §; = 0} and Q) = {i : 6; > 0}.
(2) We randomly selected the elements from the original null and alternative sets to form

— the alternative-to-null set Q , C ©, where [} o] = [7]©}]]; and

— the null-to-alternative set {2 ; C €, where [ ;| = | ¢
(3) Re-assign the signal parameters.

— For i € O, re-assign 0; = 0; for a random-chosen j € ] ;.

— For i€ Qf , set 0; = 0.
(4) Define the new null and alternative sets o = Q5 U Q) o\ 2, and Q1 = Q) UQ ;1\ Q) 4.

The average FDP and sensitivity across 200 repetitions were summarized in Figure 2B and
Figure 5.

We applied DART, BH (Benjamini and Hochberg, 1995), two FDR [, procedures (Zhang
et al., 2011), and AdaPT (Lei and Fithian, 2018) to the above numerical settings. BH
does not have tuning parameters. For DART, based on the tuning parameter selection
criterion in Section 3.4, we set M = 3 and constructed a 3-layer aggregation tree, with
distance thresholds ¢(® = 0.88 and ¢(® = 1.52. For the two FDR;, procedures, Zhang et al.
(2011) recommended setting k as an odd number greater than three and used £ =5 in the
simulation experiments. Thus, we set £ = 5 in our numerical experiments too. For AdaPT, we
followed the instructions found at https://cran.r-project.org/web/packages/adaptMT/
vignettes/adapt_demo.html to set up its tuning parameters. During simulation, we noticed
that AdaPT sometimes failed to generate results after a long execution time. To ensure valid
results from AdaPT, Figures 2 and 5 only summarize the repetition who successfully deliver
a result. Table 1 lists the number of repetitions that failed under different scenarios among
200 repetitions.

SE 7=0 7=002 7=004 7=006 7=008 7=0.1

1 33 41 34 45 46 45
2 34 37 29 42 39 45
3 23 30 36 42 32 51
4 12 19 15 27 25 36

Table 1: Number of repetition fails to deliver testing result within 8 minutes.
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Appendix C.2 Experiments to Decide the Optimal Maximum Node Size

We considered four settings of the maximum node sizes: M € {2,3,4,5}. To design a
good tuning parameter selection criterion, we evaluated DART’s performance with different
M via numerical experiments described in Section 5. The maximum number of layers L and
distance thresholds ¢(® were set according to Section 3.4 and Algorithm 3. We listed the
resulting tuning parameters in Table 2.

Figure 6 shows that no matter what M we used, DART always controls the average FDR
well under SE1, SE3, and SE4. For SE2, when the nominal FDR is 5%, DART has slight
inflation because SE2 deliberately misspecified the null distribution. However, when the
nominal FDR > 10%, DART under SE2 still has the average FDP well controlled. This
indicates that DART’s performance is robust in M. When M € {2,3}, DART has higher
sensitivity. Thus, in practice, we recommend using M =2 or M = 3.

M 2 3 4 )
Maximum Layer L 4 3 2 2
(2) =1.20
9 : (2) —
Distance thresholds ¢ = 1.52 g =088 g? =0.25 g =0.19

3 =

Table 2: Summary of the tuning parameters selected under different M

Appendix C.3 Aggregation Tree Construction in Real-world Experiment

Because 9 ASVs are chosen as the reference ASVs, the distance matrix is calculated
among the remaining 857 non-reference ASV using the R package Phangorn (Schliep, 2011)
based on the JC69 model (Jukes et al., 1969). As the default model in Phangorn, the JC69
model is a classical Markov model of DNA sequence evolution and can be used to estimate
the evolutionary distance between sequences. Two ASVs with similar sequences tend to be
evolutionary close to each other, and more likely to perform similar biological functions.
Therefore, we incorporate the distance matrix in identifying the important ASVs.

Based on the tuning parameter selection procedure described in Section 2.3, we con-
struct an aggregation tree with M = 3, L = 3. The set of possible threshold G is set as
{4,8,12,16} /y/nlogmIoglog m, with n = 456 and m = 857, and we choose g(?) = g(3) =
16/v/nlog mloglogm = 0.21.
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Algorithm 3: ¢(© Selection algorithm.

Data: Distance Matrix D = (d;j)mxm, Sample size n, number of features m, the
maximum children number M, the maximum layer L

Result: ¢@, ..., g1,

// set searching upper bound dpyax and step-size Sy

Let dmax = maxjeq Min;e .25y dij; Snm = 4/+/nlog(m)loglog(m) ;

for / =2,...,L do

// on layer £, search g\¥) from (g“””. drmax) s g =0

Let M, =NULL; e,=1; G =NULL; g = g1 + 5, 1u;

while g < (2M*72 — 1)dyayx and eq < 10 do

// stop searching process if the value g exceed the searching upper bound or the

A(l)(g)\ does not increase for past 10 candidate values g.

// stop searching process if the value g exceed the searching upper bound.
Use Algorithm 1 to Construct an £ layers aggregation tree
Te = {A(Z/) : ¢/ =1,...,} with maximum children number M, and
(g1, ..., g"" V. g);
Set A(g) = {A: A e AD(g), |C(A)| > 2}; if my > |A)(g)| then
L eg = ¢4+ 1;
else
L eg—1;
G = (G,g): My = (Mg, |[AD(g)]) s mg = |A(g)] ;
| 9=9+ snm;
i g =

min{arg maxgeq My};
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Figure 5: Sensitivity of various testing methods under SE1-SE4 when proportion 7 of the
alternative hypothesis were switched with the null. The main bars mark the
average values across 200 repetitions; the error bars mark their 25% and 75%
quantiles. Every column shows the sensitivity under a nominal FDR level a.
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Figure 6: Performance of DART across different M. The main bars mark the average values
across 200 repetitions; the error bars mark their 25% and 75% quantiles. Every
column shows the performance under a nominal FDR level a. The first row
represents the average FDP, and the dashed horizontal lines marks the desired
FDR level. The second row represents the average sensitivity.
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Appendix S1. Proofs of Lemmas

Proof [Proof of Lemma 1| Since the proof of the theorem statement (b) is similar to the
proof of the theorem statement (a), we will only focusing on the proof of statement (a).
The random variable FDP® can be decomposed to the product of two parts.

2 sepw ISHATs < 1} . ZSegéMSﬁ(z)
ZSEBéOISW) max(Ygepo |SI{Ts < 10},1)

FDPY = (S1)

Based on (S1), in order to prove lim,, o P(FDP(E) < a+e¢€) =1 for all e >0, we only need
prove

> gepw SH{Ts < £}
lim P 0 — —l<ep—1 (52)
m—»00 ZSeB((f) |S|t( )
> o g |SIEO
lim P ‘ ey - —al>ep—0 (S3)
m—oo” | | max(Ngepw |S|I{Ts < i}, 1)

(S3) is immediately followed by Lemma 10, and we will prove (S2) by induction. Below is a
list of the proof sketch:

1. On layer 1, show P(mf(l) > Ccpg) — 1. Then, by applying Lemma 9, we have
° P(X(l)) — 1, which is equivalent to (S2). Hence, we proved the FDR control on
layer 1.

o P(Bm < é5 < m,¥S € BY) = 1, and P(és < ym, VS € B?) — 1. Note that
although this conclusion is not used to prove the FDR control on the current layer,
but is necessary to guarantee the FDR control on higher layers.

2. On layer £ > 2, assume the FDR control holds on previous layers and P(X¢)) — 1 for
all  =1,...,0—1. Then by Lemma 9, P(Bm < és < Ym,VS € Uy, B)) — 1, and
P(ég < Ym, VS € BO) = 1. Accordingly, we can get P(mt) > Cepng) — 1. Then, by
applying the Lemma 9 again, we have

e P(X®) - 1, which is equivalent to (S2). Hence, we proved the FDR control on
layer £.
o P(Bn < é5 < vm,¥S € BO) = 1, and P(ég < ym, VS € BUHD) - 1.

We start the proof on layer 1. Layer 1:
Take a subset F&) ¢ Apng N AWD| such that \.7-"(1)\ = ¢mq. For any i € FO | we have
P(X; > vm) > C. By Markov’s inequality, we have:

P (| D I(Xi>mm) = D P(Xi> )| 2 l) < Clewa) ™
ieFr(1) ieF)

S1
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Thus,
P[> I(T <) > Cea — A =1-0(1)
1<i<m
Therefore, by Lemma 10, exists constant c® g4,
P [mot) > CWepq] > 1 0(1) (S4)
Together with Lemma 9 (1), we have P(X(1)) — 1 and accordingly, P(FDPM) < a +¢€) — 1.

Layer ¢:

Based on similar arguments on Layer 1, it suffices to show P(mof(z) > W ¢md) — 1 for
some constant C'©).

Assume Yh = 1,...,0 — 1, P(X®) — 1, then by Lemma 9, we have P(3,, < ég <
Ym, VS € BM) — 1, and P(cs < Y, VS € BO) — 1.

Let FO € Apg N A® with |FO| = ¢pq. Define

FO = {4eBONFO Ty < ap)
By condition 2, VA € F©),
P(A € FO) > P (T4 < am,Tp > B(m™ " y/logm),¥D € D(A)) >Cy (S5)
Accordingly, define X = {|FO| > ¢,q/2}, then P(X®)) > 1 — o(1).
On QI?(Z), we have

Z I(Ts < #9) > Ccpa
seB

Then based on Lemma 8, we can conclude that P(mot®) > CW¢yq) > 1 — 0(1) for some
constant C'(©). [ ]

Proof [Proof of Lemma 7| (1) Define X; = ®(T}), For k € {1, ...,co}, let g > e(m). Also
define by 1(qo), c1,...,cx be the value s.t. P(Z§:1 X; > bix(q0)) = qofe'(m)] (Co_k)/co, and
P(Xi > c1) = ... = P(X}, > c) = e(m)€'(m), respectively. For simplicity’s sake, we use by
to present by (qo)-

Based on the definition, we have

k
bl,k < Z Cj
7=1

Thus, when k& = 2,
P(X) + Xy > b1o)
=P(X1 4 X > b2, X1 > b1o— co, X3 > 1o —c1)
+ P(X1 4+ Xy > b19, X1 <biag—c2) + P(X1+ Xo > b1, Xo < b1o—c1)
:P(Xl +Xo > bi2,c1 > X1 > bia—c2) + P(Xl > Cl,XQ > b1 —c)
+ P(X1 4 Xy > b19, X1 <big—c) + P(X1+ Xo > b1, Xo < b1o—c1)
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Based on construction, the last three terms always smaller than e(m)e’'(m)(1 4 d4(m)) for

04(m) = max;eq Supyepr P(T; < p)/P(T; < p) — 1) — 0, and accordingly, we have

P(X1+ Xy > bro,e1 > X1 > bio—ca) + P(X1 > ¢1, Xo > b1 — 1)
<[P(Xy + Xo > bio,e1 > X1 > big — ) + P(X1 > e1, Xa > by o — ¢1)](1 + da(m))
<[P(X1 + Xo > bio, X1 > b1o — ca, Xo > by g — ¢1)](1 4 d4(m))
P(X1+ X > bro, X1 > brg — ca, Xo > bro —c1)(1 4 da(m))?

IN

Based on similar arguments, we can also have

P(Xl —i—Xz > b172761 > Xl > 6172 — Cg) + P(Xl > Cl,XQ > b172 — 01)
ZP(Xl + XQ > bLQ,Xl > 5172 — CQ,XQ > bl’g — Cl)(l — 54(771))2

Thus, A A
P(Xi1+ X
sup (~1+~2>b172)_1’_>0
o2 | P(X1+ Xo > b1 2)
qo>e(m) [e’(m)] ) )
k % .
Similarly, if sup co—k M _ 1‘ 4 0, we can have
qoZ&(m) [e/(m)] =] P(ijl Xj>b1,k)

P( f;l X; > bijt1)

PN X > bigra)

sup

- 1‘ —0
cog—k—1
qo>e(m) [6’(m)] 0

Thus, we can get (1). In addition, based on the similar arguments, we can get (2).
|

Proof [Proof of Lemma 8| (1) Let Z1, ..., Z} i N(0,1), with 2 < K < M1, Define the

set M= {M; C{l,....,m}:1<|M;| <K —1}. It is suffice to show:

1 K 1 /
P(TR 2im1 20> e s Yjemy 25> 1)

lim sup sup T K o =0
M=% M1 €M c1€[Bo,vm] P(ﬁ >im1 2 > c2)
02€[077m]

Here, By = 1/2b(1 — r1)logm + b(1 — r1) log log log m, with

L—-1
LW
2(1—7‘1) (ML_1+1)<1—7’1)’ '

For simplification, let k1 = |M;]. For Z; and Z b N(0,1), define

m 2 s Ym) - dc2 P(\/%Zl‘i‘ K;(kIZ2>CQ)

S3
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, then

1 K 1 /
P(Tg L= Zi > 2 g Ljem %5 > 1)

sup

mgﬁﬁ} P( =0, 2> o)
c2 yYm
klZ + kl Zy > ¢y, L1 > ,80)
<2 sup
CQE[O’%] M7+ M7y > cp)

P %Zl + K;(kl Zy > co, 21 > 50)
<2max max ,

c2=0 or vm, P( %Zl + k1 Z2 > 62)

MZi+ 5 Zy > 00, 21 > Bo) }
sup
c2€Dm, P( %Zl + ky oy > 62)

(i). When ¢ =0,

P k—lZl + K_kl Zo > c2, AR Bo
lim (VR = lim 213,/’“121 ,/K k1Z2>02,Z1>,30)—
m—0o0 P( kT(l»Zl + K— kl Z > 02) m— 00

(i). When ca =y, c2/f0 = \/%7

dzad

; %21 + %Zg > o, 21 > 50) y fBo ﬁiklﬁo_ Kkl - O(21)P(22)dzed 21

1m = 1m

T P(BRZ+ 5 2y > ) Poree ot

ﬁ fo— 5, QB0)6()dz + [ 9(2)8(S ) 7l o — | g 2)dz
§Cﬁéznw i Sﬁo) (L’Hopital’s rule)
. ﬁo \/ \/ ky 2

< — =
<C i, {GXP{ 2 K T VEoh BO Cew K-k~ K—]°) 4 =0
Where S = m

(iii). When ¢z € D,,, given

d P ky Zl + _kl Zo > co, L1 > ,30)
ch ky Zl + Ll Zy > Cg)
= 2 X
ﬁZ + _kl Loy > CQ)

ZQ > ¢a, Z1 > o)

[k K —k |k

{ Zl+ 1Z2>02 Z1+
[k /K— [k

—P( ?1Z1+ K 1ZQ>C27ZI>50)TCQP( flzl-l-

5S4

K 1Z2>02)}



DART: DISTANCE ASSISTED RECURSIVE TESTING

We have
M7+ M7y > ¢2, 71 > Bo) B C%P M7+ #L 25 > c9, 71 > o)
St 57, > o) Lp( [z + .75 > c3)
Therefore,
%214_ klZg>Cg,Z1>50)
sup
N PR =T
d02 klZ + 1Z2>02721>ﬁ0)
czeDm dCQ k1 Z + kl oy > CQ)
o0 1 2
= sup C exp{_<\/7 > }
c2€Dm, Bo K kl k
00 1
<C -5 d
s exp{ 2< kl K- klvm) } )

—0
Combine (i), (ii) and (iii), we have

K
PG 2w 72> al gy Rgeon % > )

li_r)n sup sup Pl ZK 7 ) =0
m—oo Miedm ClE[BOfYnL} N7 = i > 2
c2€[0,7m] VK =

(2)

It is suffice to show

| K 1
P(7= i Xi > e, Wl > jem, Xj > o)

lim sup sup <0
00 MLEM p 0,5 (1/m)] P(Y0, ZIVE > e)

Let Xl = ZiE/\/h Xl/\/H, XQ = Zie‘.m\/\/h Xi/\/K — le.

Based on lemma 7, dg,, = |P(Xj > p)/P(Z; > p) — 1| = 0 uniformly for j = 1,2 and
D> Q.
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Thus, uniformly,

\/7X1+\/ X1 > bo)
—P(\/K kX2>02—\/>50,X1>50)
(\/K k1X2<C2—\/750,\/7X1+\/X2>62)

K
/K—k y [k 3 K — k1 o -
P( 1X2 < co — flﬂg, —121 + 71X2 >co)+ P(Z > (I)_l(ozm))]

2
<(1 4 G6m)? \/ L7+ ZQ>¢27Z1>/80 (1 + d6m) ZP (am))
7=1

1+56m \/ Zl

DS ZUVE > o)
i=1

Z2 > CQ,Zl > ,30)] + 2(1 + 66m) (a77%%

Proof |Proof of Lemma 9| (i) Prove that (1) can leads to (2):
On Nf_, x®,

S ISI(Ts < i) < > SW)JF{ 3 \S‘g(f)}e
sesy’ seB" seB?

Combined with

YIS <a Y ISIHTs < i)

sesy” SeB®
and
STOSHTs <Py = ST STy < i)+ Y |SIHTY < i)
SeB® SEB(()Z) SEB%D
< Y ST < i9) + omm
seBf!
We have:

(1 —a— ) Z 15)E9 < aCm™
seBf!

«

Thus, 2{By” |0 < Fg g0 SO < =egem™, for any 1 < ¢ < L.
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DART: DISTANCE ASSISTED RECURSIVE TESTING

When £ =1, by \B(()l)\ = mgp = m(1 4+ o(1)), we have {) < Cm(-1).
When ¢ > 2, on ﬂ,EQlX(k), we have

max {FDP® —qa} < e
k=1,...,0

Iy

which leads to \BSZ)|/|B(£)\ — 1. And accordingly, £} < Cm(m—1,
(ii) Prove that statement (2) leads to statement (3)
On layer 1, ®(ég) =t < C(m)" 1. On layer £ > 2 and Nf_ X" for all S € B,

O(es) < Gslés)+ Y. D(és) (S6)
S'EU(s)

Suppose ®(ég/) < C(m)"1 ! for S’ € Uf;_:llB(k), then together with Gg(ég) = t©) < Cmm—1
and (S6), we have

Cg > \/2(1 —r1)logm — 2loglogm = B,

for all S € BY.
In addition, for S € B®, on ﬁf;llé\,’(h),

= Bo

Gs(es)1 = B( )" < D(es) (S7)

So we have ®(¢g) > t9(1 + o(1)), and accordingly, és < Y.

Note that the é¢s < 4, only depends on the statement (2) on layer £ — 1. Thus, we can
apply the conclusion to show P(mot® > c¢logm) — 1 in the proof of theorem 1.

(iii) Prove that statement (1) holds on layer 1 (£ =1):

Define v, = [(JA'|?/m + d2m) V 1]/Vemalogm. Let 0 = ¢g < ... < Clym /vm] = Ym
satisfy ¢ — cx—1 = vy, for 1 < k < [ym/vm] and ¢y, /0,01 = Clymfvm]—1 < Vm- We can get
the corresponding p-values sequence qo > ... > q[y,,/1,,] With g =1 — ®(cr). Let value
¢V = CWepg/m, by (S4), we have P(f > ¢™)) — 1. We define the working p-value sequence

on layer 1 as P 11)) = {qo, ...,qkm,q(l)}, where kM) € {0, ..., [Ym/vm| — 1} is the index s.t.

SU

gry > ¢ and Ty 4q < g,
If Ve > 0,
Y gep 1Xs > @7Hq)) = X g g P(Xs > 27H(q))(1 — dom)
0 0
P( max ’>e>_>()(58)
4€PL) 2 sepm 4

S7



L1, SUNG AND XIE

Then,
1
< > sen) 11§ < q) - > sen )
P max > €
9€P) ZSEBSU q
<P< Ysepm [(Xs > 27Ha) = g pm P(Xs>®7(q)) >
< max > €
qePl,) ZSEB(()D q
<P( Psepn T(Xs > 27Hq)) = X g 5 P(Xs > 27Hg))(1 = dom) )
< max > €
ePly) ZSEB(()U q
<P( e [(Xs > 7)) = X g pm P(Xs > @) (1 - 5om)' )
< max > €
aePy,), ZSesg” q
—=o(1) (S9)

Together with the fact that sup,;_;

aG)/-1) — 1‘ = 0(1), we have

sup

P( Psesm ITs < a) = Xgepm @
g€lg™ 0] > sepm 4

> e) =o(1)

Thus, to prove (1) holds on layer 1, we only need to show (S8).
Define C’SL%) = {co,...,cpr, '}, with ¢ = ®71(¢/). In order to show (S8), it is suffice to
show

c/P ZSGB(()I) I(XS >C)—P(X5>C)(1_5Om)
/o {’ 2 sent) (c)

1
0

‘ > E}dc = o(vp) (S10)

Note that by Markov inequality,

P{’ZSEBél) [I(Xg>c)— PEXS > ¢)(1 = bom)] ‘ N E}
2 sen Bl -
<P{‘ZSEBSD [I(Xs > C)j P(Xs > c)] ‘
2 sen 2(€)
<Zs,51€zsgl> [P(Xg>c¢,Xg >c)— P(Xg>c)P(Xg > c)]

: (S sepen ®(0)) e = (1+ Gom)om]?

>€— (1 + 50m)50m}

We can divide the S, 5" € B(()l) into the following three subsets:

By = (8,8 e B : 5 =5}
B =1{8,8ecBY 5+, 34,4 c AV st.SCAS CA and ATy} (S11)
B ={5,8" e B : 5+ 51\ B
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DART: DISTANCE ASSISTED RECURSIVE TESTING

Then,

Z(&S,)GBE)? [P(Xg>c,Xg >c)— P(Xg>c)P(Xg > c)] C

< _
(ZSEB( ) (i)(c))2[€ — (1 + dom)dom]? B ZSEBél) ®(c)

1
0

Based on condition 3,
Z(S,S’)EB(()Q [P(XS >c, Xg >c¢)— P(Xg>c)P(Xg > C)] _ C(|A12/m + Som)
— 2 — T
(Zgen ®(0)) [ = (1+ dom)dom? 2seny) P

In addition,

Z(S,S’)GBS? [P(XS >c, Xgr > C) — P(XS > C)P(XS/ > C)]

(g () le = (1+ dom)don]?

Thus, after some calculation, we can prove (S10) and then P(X Wy - 1.
Similarly, if [Qo| = m(1 4+ o(1)), based on (S8), we have

=o0(1)

1

ZSEB(I) I(Té‘ ) < q) - ZSEB(1> q

P| max u - > €
QEP(I) ZSEBSD q

sub

=o(1)

Hence, P(X'(M) - 1.

(iv) Prove that statement (1) holds on layer ¢ > 2 when statement (1) holds
on previous layers:

On layer ¢, we can divide the S, S5’ € B(()é) into the following three subsets:

B((ﬁ) ={5,5 € Béf) : S =8 {T;:i e S} are mutually independent}

BY) ={5,8eBY 34,4 ¢ AD s+SC A S CA, and A Ty}

By = 15,5 € By : S # S} \ BY
Consider the p-values sequence qo > ... > q[,,, /1,,] constructed in (iii). Let g = CWecpq/m,
by (S4), we have P(t > q(g)) — 1. We define the working p-value sequence on layer 1 as

PS(Q) ={q0, .- qk(@,q(z)}, where k) e {0, ..., [Ym/vm] — 1} is the index s.t. gy > q¥ and

Qo1 < q9.
In view of statement (3) and Lemma 8, we have

sup QS(Ck) - 1‘ =o0(1)
k=0,eces [y v ] | P(CR)
Together with statement (3) and Lemma 7, there exists d5(m) — 0 with
P(X o1 (1:4-1)
L P(Xs > 870 Y)

seBy! q

< max - 3 T
ses) P(Zs > =1 (q))[1 — &(Aa=)IM

<1+ 35(m)
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Then Ve > 0, by following the similar arguments in (iii), we can have

P< . Psen [SH(Xs > ®7Hq)) = X gy [S|P(Xs > ®(g)| QM) (1 + 50m)’ .. Q(lzf—1)>
qeP), > sen 1Sla

— 0 (S12)
Then,

P( L sent 1SH(Ts <) = Xgop0 |Sla .. Q(M_l)>

qEPS(ﬁ)b ZSGB(()Z) ’S’q

<P< . Psen [SH(Xs > ®7Hq)) = X g p0 [SIP(Xs > ' (g)]QY) s e/ Q(u-n)
— \gert), ZSEBéZ) 1Sq
—o(1) (S13)

Together with the fact that sup,_; ‘q(j)/q(j,l) — 1‘ = 0(1), we have

Yoarw® SHI(Ts <q) = > . |Slq
P< sup SeB SeB

a€la® a] >sen® 1Sla

> €

Q(l:f—l)) — 0(1)

And thus P(X¥®) — 1.
Similarly, when [Qo| = m(1 + o(1)), we have P(X'(¥) — 1 based on Lemma 8 (2). H

Proof [Proof of Lemma 10| When ¢ = 1:
for § = 1/m?,

S ISEY <a > [SI(Ty < i)

sest seB)

<o Y [SI(Ts <tV +6)
SeBM)

< >0 ISEV I+ o(1)) (S14)
Assume (12) holds on layer 1,...,¢ — 1. Then,

D IS < a(i+o0(1) Y ISI(Ts < i)

seBy” SeB®

Thus, by following the similar arguments on (S14), we can get (12) on layer £.

S10
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