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/Abstract

N

Detection of disrupted connectivities is an important problem in neuroimaging research for targeting treatment interventions
in order to get optimal therapeutic benefits. Disrupted connectivities are generally detected by comparing the disease group with a
healthy control group utilizing the whole brain, resulting in thousands of comparisons. However, standard neuroimaging studies
devoted to making such large scale multiple comparisons towards discovering statistically significant disrupted connectivities are
seen to produce inflated false discoveries. Thus, development of statistical methods for multiple comparisons built upon a solid
theoretical foundation in neuroimaging studies for controlling false discoveries is urgently needed. This article explores several
approaches to control the false discovery rate, and recommends one best suited for detecting disrupted connectivities. Results are
illustrated with a live data set generated from a late life depression study.
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Introduction

Controlling the False Discovery Rate (FDR) is critically
important for a detailed understanding of how a healthy brain
differs with neurological diseases (e.g., depression), which is
the fundamental requirement to the development and application
of treatments for these conditions. Most of the neuroimaging
research studies either do not address the issue of Multiple Testing
(MT), or inadequately address MT by failing to incorporate the
underlying dependency structure. Software packages often used
for fMRI analysis (SPM, FSL, AFNI) can result in making false-
positive rates of up to 70%, when it is fixed at 5% [1]. Inadequate
use of statistical methods for MT is hindering the search for truly
disrupted connectivities. Excessive false discoveries lead to wrong
conclusion and may mar the importance of the study. Thus, a proper
procedure to control the false discovery rate in neuro connectivity
research is urgently needed.

Currently functional connectivity data are analyzed using
model based methods such as cross correlation analysis or statistical
parametric mapping [2-8]. Functional connectivity is also analyzed
by data-driven methods such as independent component analysis,

or principal component analysis [9-11]. Generally, structural
connectivity data are obtained using diffusion tensor imaging, with
measurements such as fractional anisotropy, relative anisotropy,
mean diffusivity, or axial diffusivity [12-17]. For multimodal
analysis, the existing Bayesian approach utilizes structural
connectivity as a prior for functional connectivity [18-21], and
frequentist statistical methods are also used with or without prior
information [11,22-38]. In all neuroconnectivity studies based on
either the whole brain, or any network (e.g. Salience Network,
Default Mode Network), multiple testing becomes an integral
part when two groups (e.g. Depression and Healthy Control) are
compared. So, it is important to know the performance of different
methods that are commonly used to control the false discovery rate
in neuroconnectivity analysis.

Traditional approaches of large sample tests based on
likelihood ratios and Wald-type statistics cannot address the issue
of multiple comparison in neuroconnectivity analysis. Bonferroni
correction for multiple testing becomes over conservative for a
large number of comparisons. In rare cases, to control the false
discovery rate, the approach by Benjamini and Hochberg (BH)
[39] is used. However, the BH approach produces inflated false
discovery rates in certain cases, and hence poses a problem in
correctly identifying true discoveries with small samples.
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The goal of this article is to develop statistical approaches
to precisely detect disruptive neuroconnectivity in diseased
populations and apply the findings to optimize benefits of clinical
interventions. The first novelty of this article is in the development
of a statistical model for neuroconnectivity data collected from
neurological conditions (e.g., psychiatric, cognitive impairment
etc.) and healthy control populations to identify significant changes
in neuroconnectivity. For that purpose, we develop a mixed-effects
model with some important characteristics in order to address within
and between-subject heterogeneities, and also variabilities across
links. The second novelty is in providing a simple interpretation to
the g-value cut off which represents the minimum FDR at which
the test can be called significant. Disrupted findings are next used to
guide decisions on where to apply a neuro-modulatory intervention
intended to improve behavioural disorders. The optimal approach
of this article will indirectly reduce the cost of longitudinal and/
or cluster neuroimaging studies, and provide the ability to study
populations that are more difficult to recruit, such as minorities and
traumatic brain injury patients. In summary, this article addresses
modeling of neuroconnectivity data, and controlling of FDR in
multiple testing for selecting the target of treatment applications.

We organize the article as follows. In Section 2, we motivate
our problem with a study related to Late Life Depression (LLD)
and argue that instead of controlling the type I error rate, we
should control the false discovery rate for within or between group
neuroconnectivity comparisons. In this section, we also discuss
mixed-effects models and multiple testing procedures. In Section
3, we perform a simulation study for identifying an FDR approach
that suits the best for neuroconnectivity comparisons and apply it
to the LLD study for controlling the false discovery rate in section
4. We conclude the paper in Section 5.

Material and Methods

In this section, we discuss and develop some statistical
methodologies intended to implement for detecting disrupted
connectivities in group comparison studies. Towards that we start
with a motivational example.

Motivational Example: Late Life Depression (LLD)

We motivate our research problem with a live data set
from a study known as LLD recently conducted by Dr. Ajilore at
University of Illinois at Chicago. LLD refers to major depressive
episodes in elderly patients (usually over 50 or 60 years of age).
This study recruited 23 subjects (13 healthy control (HC), and
10 LLD subjects), and collected data from 87 brain regions (i.e.
a whole brain study, see Table 1) of each subject. The inclusion
criteria for all subjects were over 55 years of age, medication-
naive or anti-depressant free for at least two weeks (in the case
of our LLD subjects) and no history of unstable cardiac or
neurological diseases. The objective of this study is to detect brain

regions and/or connectivity that are impaired during depression,
and find out whether the identified regions can inform us about the
pathophysiology of LLD Table 1.

Region Description Region Description

1 cerebellum cortex 23 Middle temporal
2 thalamus proper 24 parahippocampal
3 caudate magnetic 25 paracentral

4 putamen 26 parsopercularis

5 pallidum 27 parsorbitalis

6 hippocampus 28 parstriangularis

7 amygdala 29 pericalcarine

8 accumbens area 30 postcentral

9 Ventral DC 31 osteriorcingulate
10 Bankssts 32 precentral

11 caudalanteriorcingulate 33 precuneus

12 caudalmiddlefrontal 34 rost.ralanterior

cingulate

13 cuneus 35 rostralmiddlefrontal
14 entorhinal 36 superiorfrontal
15 fusiform 37 superiorparietal
16 inferiorparietal 38 superiortemporal
17 inferiortemporal 39 supramarginal
18 isthmuscingulate 40 frontalpole

19 lateraloccipital 41 temporalpole
20 lateralorbitofrontal 42 transversetemporal
21 lingual 43 insula
22 medialorbitofrontal 44 brain stem (central)

Table 1: Brain regions (left and right) in whole brain analysis.

Imaging data were collected using a Philips Achieva 3.0T
scanner (Philips Medical Systems, Best, The Netherlands) with
an 8-channel sensitivity encoded (SENSE) head coil. To reduce
noise, headphones and foam pads were used and head movement
was minimized. Subjects were instructed to stay still with their
eyes closed yet awake without “thinking anything in particular”
throughout the scanning process. Other sources of confounding
effects such as motion art fact, white matter, and CSF were also
regressed out before analysis. High resolution 3D T1-weighted
images were attained by a MPRAGE (Magnetization Prepared
Rapid Acquisition Gradient Echo) sequence with the following
parameters: FOV = 240mm, TR/TE = 8.4/3.9 ms, flip angle =
8 degree, voxel size = 1.1 x 1.1 x 1.1 mm, and 134 contiguous
axial slices. Resting-state imaging data were collected using a
single-shot gradient-echo EPI sequence (EPI factor = 47, FOV
= 23x23x15 cm®, TR/TE = 2000/30ms, Flip angle = 80, in-plane
resolution = 3x3 mm?, slice thickness/gap = 5/0 mm, slice number
=30, SENSE reduction factor = 1.8, NEX = 200, total scan time =
6: 52. The resting-state functional neuronetworks were configured
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using CONN [40], a Matlab toolbox. In brief, we preprocessed
our raw EPI images involving four steps namely: realignment, co-
registration, normalization, and smoothing.

The adjacency matrix of functional network as shown
in (1), it has 87 x 86/2 = 3471 unique measures of functional
connectivity. To satisfy the key assumption of normal distribution
of our model, we applied the Fisher’s Z transformation to these
Pearson Correlations (PC).

PCyp -
PC,, PCpy — (2)

PCi_g7 PCy_gs ~g7x87

Modeling of Data

Mixed-effects regression models are frequently used to
analyze neuroimaging data, as it can borrow strengths from multiple
sources and provides reliable estimates of model parameters
[4,18,41-48]. Fixed parameters of mixed-effects regression models
provide population related information while random parameters
provide subject specific information beyond the population mean
[49-53]. Let Y, / be the fisher Z transformed pearson correlation
measure of the ith link (i.e. connectivity between two regions) of
the j" subject nested within the g™ group (e.g. intervention, disease,
control etc.).

Yiig = Yoi + VaiXijg T B Wjg + Vg + &5 (2)
where 1 (= 1, 2..., m) denotes the ith link (connection
between two brain regions), j (= 1, 2...,Ng) denotes the j subject
nested within the g" group, x, = 0, if the j* subject is from the
control group (i.e. g = control), and X~ 1, if the j" subject is
from the other group (i.e. g = intervention or disease). We assume

2
the random noise €y follows a normal distribution N (0, ¢_. ), in
addition, random subject effect Vi follows a normal distr%‘bution

N O, 02, and these two normal distributions are independent. The
vector'w, represents measures of additional fixed covariates such
as age, race, sex etc. Thus, our decision related to significance of
link connectivity will be adjusted by such fixed covariates. In this
model, vy, differentiates the intercept of the intervention group
from that of the control group at the i link. Note that this model
allows each link to have its own mean and variance parameters,
and those vary from one group to the other group. To compare two
groups at the i" link, we will test null hypotheses H: v, = 0, i =
1, 2,...m. Thus, we have a total number of m hypotheses, which
brings the notion of multiple testing.

Parameters in the model are estimated using an EM algorithm.
In the E step, with the current values of the other parameters,
we compute the “expected posteriori” or Empirical Bayes (EB)
estimates of random effects as well as the conditional variances of
random effects given data. In the M step, given the current estimated
values of random effects, we obtain the Maximum Marginal
Likelihood (MML) estimates of the regression coefficients, error
variances, and variances of random effects. The algorithm iterates
between the EB and MML estimates until convergence.

g-value based FDR Procedure

To detect disrupted connectivities in a neuroimaging study,
we generally perform between group comparisons. In whole
brain study, the number of Regions of Interest (ROI) in our
example is 87 with a total number of 3471 connectivities. In a
single hypothesis testing problem, we generally control the type
I error rate at a pre-specified level (e. g. o = .05), and determine
a rejection region to maximize the probability of detecting the
true alternative hypothesis. When multiple hypotheses are tested
simultaneously, it is important to control the expected proportion
of false rejections among all rejections, and the concept of False
Discovery Rate (FDR) [39] prevails there. The ingredients that we
need to formally define the FDR are presented in Table 2.

H, Accepted H, Rejected Total
H, True 18] \' m,
H, False T S m-m,
Total m-R R m

Table 2: Different types of outcomes in multiple testing.

By definition, FDR is the expected proportion of Type I
errors among the rejected hypotheses.

Hence, FDR =E(V/(V + S)=E(V/R), where V is the number
of false rejections, R is the total number of rejections, and we
define V/R=0, if R=0.

Algorithm to Control FDR

We start with the Benjamini and Hochberg [39] procedure
to control the FDR. Consider a multiple testing problem consists
of m hypotheses H , ..., H_with the corresponding p values p, ...,
p,. In the literature of FDR, [54, 55] defined a g-value as an
analog of the p value that incorporates FDR-based multiple testing
correction. g-value is the minimum positive FDR that can occur
when rejecting a statistic with a threshold for the set of nested
significance regions. The general procedure of the algorithm that
controls the FDR at a threshold value of q is as follows:
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1) Obtain p-values of all test statistics and sort those in an
increasing order, i.e. p (1) <p (2)<...<p, .

2) Fora given q, find the largest k for which p / <kq/m holds.

3) Declare discoveries for all H(i), wherei=1, 2..., k.

First the BH procedure needs a cut-off g-value, then starts
from the largest p value (i.e. p,,) and moves towards the smallest
one, consequently we reject all null hypotheses with p-values less
than the aforementioned threshold.

Determination of FDR Level g

In a single hypothesis testing, generally we fix the individual
type I error rate o at 5%, and try to achieve 80% power. Similarly,
in multiple hypothesis testing, we need to determine a g-value.
However, no such standard value of the FDR level q exists in the
literature, mainly because of some other factors that play crucial
roles in this process. Suppose in a multiple testing scenario with
100 (out of a total of 200) hypotheses are truly null (i.e., the
proportion of nulls is p, = 0.50), we would expect 5 null rejections
(out of 100) when a is individually fixed at 5%. With 80 rejections
of the hypotheses that are truly non-null (i.e., 80% power), the
observed the FDR level q = 5/(5+80) = 0.059. A second scenario
also conforms to multiple testing problem, with 90 of the 100
hypotheses being truly null (i.e., p, 0.90), and 10 of these being
truly false. In this scenario, we should expect observed FDR level
q close to 4/(4+8) =~ 0.333.

If this procedure continues for a large value of p, (e.g.
p,=-99), ¢ will be close to 1 which will lead to less power and is
undesirable. Thus, in a multiple testing problem, the FDR level q
should be adjusted with the value of p, together with the individual
type I error rate and power, such that ¢ does not exceed to a desired
threshold (e.g., 0.20 or 0.30). In order to better understand the
interrelationship between individual type I error rate a, power,
q value, and p,, consider the concept of marginal FDR (mFDR)
[56,57], where mFDR is the expected FDR level q. The mFDR
can be approximated by the following expression in terms of p,,
a and power:

mFDR ~ —P¢ (3)
apg+power py
Figure 1 shows how mFDR changes with respect to p, for
three distinct values of @ = 0.05, 0.01, and 0 .001. mFDR and
p, has a monotonicity property, i.e. for a fixed value of «, larger
values of p, are expected to produce larger values of mFDR.
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Figure 1: mFDR level vs. p, for various values of a.

The top most curve in Figure 2 reveals that in order to
control the FDR level q at 0.2, for a very high proportion of null
hypotheses (e.g p, = 0.98), a should be set at 0.01. On the other
hand, for a relatively smaller proportion of null hypotheses (e.g p,
= 0.8), a should be set at 0.05. Thus, in order to control the FDR
level q at a desired value, when the proportion of null is large, a
should be adjusted to a smaller value. Figure 2 also shows how the
adjusted type 1 error rate changes at different levels of g-values
when the null proportion increases (from 0.80 to 1.00). When the
FDR level q is fixed at 0.20, decreases dramatically if 2 increases.
When g-value equals to .05 (the bottom curve), the impact of 2 on
the adjusted type I error rate is relatively less severe compared to
q=0.20.
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Figure 2: Adjusted type I error rate (@) v.s. p, for various values of q.
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Finally, we conclude that efficient estimation of the null
proportion p,, and proper adjustment of the type I error rate are
two important factors that should be considered carefully before
we fix the FDR level q in multiple testing problems.

Adaptive BH (A-BH)

Benjamini and Hochberg [58] proposed an adaptive
procedure incorporating the information of estimate of unknown
null proportion. The adaptive BH procedure is as follows. In
the same setting as Benjamini and Hochberg [39], determine k
where,

k = max {i: Puy < ,[i;—qm} (4)

Reject all H(i), i <k, where g is an estimate of p2. The
adaptive procedure is expected to gain more power compared to
the original BH procedure. Note that this procedure also requires
the g-value.

Non g-value based FDR Procedure

Both BH and adaptive BH are g-value based approaches, in
what follows we discuss two more FDR procedures that are z-value
based approaches, and are relevant to multiple comparisons in
neuroimaging analysis.

In neuroimaging studies, it is common and reasonable to
assume that a large majority of connectivities follows the null
hypothesis. Generally, the central region of z-values roughly
follows a standard normal density. In order to implement z-value
based approaches, we not only need to compute the proportion of
null hypotheses (p,), we also need to define the null density (f;), and
the non-null density (f,). Efron [59] proposed an approach based
on z-value to control the false discovery rate. Null hypotheses
are assumed to follow a normal distribution. Thus, the t-score
(i.e. the test statistics value) of each hypothesis follows a normal
distribution for large sample size. For small sample size, the
t-score can be conveniently transformed to a z-score, theoretically,
each z, follows a standard normal distribution N (0, 1) under true
null hypothesis. On the other hand, z-values with higher densities
(compared to a standard normal density) in both tails, implies the
presence of non-null cases.

Cai and Sun [57] developed an oracle and adaptive
compound decision procedure for large-scale hypothesis testing.
Their approach is to use data-driven adaptive procedure based
on the z value to learn the distribution of the test statistics and
use the information to construct a more efficient test. Jin and Cai
[60] proposed an approach which used the empirical characteristic
function and Fourier analysis for estimation of null distribution
parameters, they demonstrated that the information about the
null distribution is well preserved in the high frequency Fourier
coefficients, thus provided good estimates of the null.

Connection between q-value based FDR and Non g-value
based FDR

BH approach defines the expected probability of null cases
conditioned on any observed p values greater than a cut off value.
Local False Discovery Rate (LFDR) proposed by Efron [58] is a
distinct alternative measure of false positive error rate based on z
values. LFDR is defined as

Pofo - fg(2)

LFDR(z) = - — =
C Polo + p1hy f(z)

(5)

However, these two concepts (q-value vs z-value) are closely
connected. Revisiting to the local false discovery rate model,
and replacing the density functions f and f; with the cumulative
distribution functions F and F,, we now define

F(z) = polo(2) + p:Fy(2) (6)

Then a simple application of Bayes theorem should get the
posterior probability of being a null case for an observed z score
less than or equal to some small z value.
Poko - kg (2)

Fdr(z) = - — = —
@ PoFo + piFy F(z)

(7)

where F+z = p,F,(z) denotes the null sub distribution (this
only considers a left-sided case for notational convenience, but it
can be readily extended to a right-sided or two-sided case). Fdr and
fdr, according to the definition, are mathematically equated by

J7 fde(2)i(Z)dz

I f(Z)dz (8)
= E{fdr(2)|Z < 2}

Fdr(z) =

That is, Fdr(z) is conditional expectation of fdr(z) and can
be computed by averaging fdr(z) for all Z < z. Considering that,
in regular cases, fdr(z) decreases as |z| increases, Fdr(z) is always
expected to be less than fdr(z). Fdr(z) is the Bayesian form of
the false discovery rate and it corresponds to Storey’s [53,54]
“g-value”, the value of the tail area false discovery rate attained at
a given observed value Z = z.

Results

We analyze the fMRI data of the LLD study using a mixed-
effect model discussed in Section 2, and obtain estimates of mean
fMRI measures of all 3741 links for each group. A total of 7,506
model parameters (3741 fixed effects, 23 random subject effects,
3741 error covariance components, and 1 random effect covariance
component) are iteratively estimated until the convergence criteria
are met. The convergence criteria are set at the tolerance level of
10%w. The model converged after 5 iterations.
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Table 3 shows summary statistics of parameter estimates.
Gamma distributions are fitted to error variances for each study
group. We performed a family of t-tests for testing link-specific
regression coefficients (i.e. H: y,, = 0,1 =1, 2, ... m) utilizing
estimates of y, - and corresponding standard errors obtained from
the mixed-effect model.

[ o Py
Theorical Null 0 1 0.901
Efron 0.038 1.121 0.988
Jin and Cai -0.025 1.116 0.985

Table 3: Estimates of parameters by different procedures.

The aforementioned mixed-effects model produced 281
(out of 3741 tests) significant results for testing H2: y$- = 0,
whereas independent two sample t-tests produced 173 significants,
indicating that the mixed-effects model has more detection power
compared to two sample independent t-tests. This is because the
proposed mixed-effect model with random subject effects divides
the total variability into between-subject and within-subject. In
both cases, significance was determined individually based on
p-value < 0.05 leading to substantial inflation of type I error rate.

Observed p-value Distribution

0.5-

0.0-

T T T T T
0.00 0.25 0.50 0.75 1.00

Observed p values

Figure 3: Distribution of p-values.

Next, in order to adjust the type, I error rate, we identify
significant disrupted connectivities using the q-value based
approach. Figure 3 shows the distribution of observed p-values.
Under the null hypothesis, p-values should be uniformly distributed
over [0, 1]. As we can see in the histogram, p-values in the range
of [0.1, 1] are quite evenly distributed, and those in the range of [0,
0.1] apparently are taller than the rest. This indicates the existence
of non-null hypotheses in the experiment. Using the g-value
package [55], we estimated the null proportion p2 as 0.923, shown

by a dashed line. Next we use a z-value based procedure with three
different null distributions: theoretical null N (0, 1), empirical null
estimated using [58], and empirical null estimated using [59]. Table
4 summarizes estimated parameters by these threes methods.

Under Over
- Connectivity Total
Connectivity ..
Connectivity

Adaptive

g-value BH 22 37 59
Theorical

Null 18 51 69

z-value Efron 12 11 12

Jin and
Cai 1 13 14

Table 4: Number of significant connectivities by various fdr procedures.

Table 4. reveals that estimated mean parameter using the
theoretical null, Efron, and Jin and Cai are 0.00, 0.038 and -0.025
respectively, which indicates that the assumption of zero mean is
plausible. Estimates of standard deviations and null proportions
by Efron, and Jin and Cai are comparable, however, those are
considerably larger compared to the theoretical null. The estimated
null proportion under the theoretical null is indeed close to the
p-value based estimate (0.901 vs. 0.923). A Histogram of z values
from LLD study is presented in Figure 4.

0sd /a,
§70N

% li f’\}&

\
i

N
VR

Densty
s §
—
———g
e

0.0
Observed z values

Figure 4: Fitted Empirical Null Densities.

The blue curve is the mixture density, the purple curve is
the theoretical null density, the orange curve is the empirical null
density by [58]. and the green curve is the empirical null density
by [59]. As we see in Figure 4, the theoretical distribution is
narrower than the mixture distribution. This may be largely due to
the correlation of z values. The mixture density is taller than the
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theoretical density at both extreme ends, indicating that there may
be both under connectivity (at the left end) and over-connectivity
(at the right end) under the theoretical null. We further notice in
Figure 4 that the mixture density is taller than the empirical null
density only at the right extreme and matches with the central peak
and left extreme end very well. This is a sign of over connectivity
only. Controlling the tail-area FDR at 0.2, the three methods
identified 69 (theoretical), 12 (Efron) and 14 (Sun and Cai)
significant connectivities respectively.

Table 5 presents significant connectivities obtained from
four different procedures. As we can see in Table 5. underlying
assumptions of the null distribution naturally classify the results
into two categories: adaptive BH vs theoretical null (i.e. standard
normal distribution), empirical null of Efron (a normal distribution
with nonzero mean and variance may be different than one) and
that of Sun and Cai. For Adaptive BH and Theoretical Null,
the significant findings are quite similar yet they vary slightly.
However, significant findings detected by theoretical null and
empirical null do not differ that much. This reveals that the choice
of null distribution can substantially affect the multiple testing
results, especially when test statistics are correlated and sample
size is small. Regions of interest involving significant overlapping
of disrupted connectivities obtained from all three approaches
mentioned in Table 5.

Region 1 Region 2
. . Right
28 Left isthmuscingulate 56 caudalmiddlefrontal
. Right
12 Right thalamus_Proper 56 caudalmiddlefrontal
19 Right ventralDC 59 Right fusiform
. Right
45 Left rostralmiddlefrontal 56 caudalmiddlefrontal
15 Right pallidum 56 Right
180t patiicu caudalmiddlefrontal
15 Right pallidum 26 Left inferiorparietal
18 Right accumbens_area 28 Left isthmuscingulate
— Right
41 Left posteriorcingulate 79 rostralmiddlefrontal
. L Right
55 | Right caudalanteriorcingulate | 56 caudalmiddlefrontal
46 Left superiorfrontal 62 | Right isthmuscingulate
56 Right caudalmiddlefrontal 62 | Right isthmuscingulate
25 Left fusiform 49 Left supramarginal

Table 5: Significant links.

Right caudal middle frontal denoted by 56 in the network in
Figure 5 has been detected as the main hub of disruptions. This hub
has a total of six disrupted connectivities. Three other secondary
hubs are Right pallidum (#15), Left isthmus cingulate (#28), and
Right isthmus cingulate (#62). The identification of the right caudal
middle frontal cortex (also referred to as the Dorsolateral Prefrontal
Cortex or DLPFC) is consistent with extensive literature on the
neuroanatomy of major depression [61]. The DLPFC has been
implicated in a number of neuroimaging studies in the depression
literature. This region is used as a target for Transcranial Magnetic
Stimulation (rTMS) in the treatment of major depression and plays
an important role in emotion regulation [62]. It also appears to be
the key target of antidepressant action [63].

Figure 5: Network Analysis of Disrupted Connectivities.

Discussion

This paper argues that controlling the false discovery rate
is essential in neuroconnectivity studies. The impact of small
samples is quite evident in terms of controlling the FDR at the
desired level. We identify Efron FDR procedures are more
suitable for neuroconnectivity studies and provide guidelines
of how to implement those in our context. Moreover, Efron’s
local FDR has a Bayesian interpretation that is useful and easy
to understand. Also, implementation of LFDR by Efron is less
computationally intensive compared to Sun and Cai as the former
is based on normal approximations and the latter uses Fourier
transformations. Considering all aspects, we recommend LFDR of
[58]. Nonetheless, both BH and adaptive BH are extensively used
in practices because of their historical importance.

A hub of disrupted connectivities detected by our approach
is a useful target for applications of interventions or stimulus.
Another application of detection of disrupted connectivities
is in classification of subjects at high risk for early prevention.
Investigators may feel comfortable now to use the FDR controlled
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hub of disrupted connectivities for targeting treatment interventions
in order to get optimal therapeutic benefits.

Neuroimaging studies need more research for correlated
hypotheses. High positive dependency among tests, which is
predominant in most of the applications of multiple testing in
modern scientific investigations, like the one discussed before, has
been a major impediment to taking full advantage of the BH and
related FDR controlling procedures since those, even though can
control the FDR at a desired level [64-66], can be very conservative
under such dependency [67]. Authors of this paper are currently
investigating an FDR procedure utilizing a general correlation
structure for neuroconnectivity studies.
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