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Abstract

The burgeoning field of genomics has reinvigorated interest in multiple testing methods as it introduces new
methodological and computational challenges. Whole genome microarray studies (e.g., differential expression, differential
methylation, ChIP-chip) offer the possibility to test millions of traits in one genome. This article discusses the preferment

of Adjusted likelihood approach and Average estimate approach (see Ewhida, Alammari and Thwil, 2022; Jiang and
Doerge, 2008) for estimating the proportion of true nulls 5 for CHIP-on-chip experiment data. Which has been done by

Elnfati, Iles and Miller 2016, to express where the protein and DNA are bound, and the sample was taken from
Drosophila fly (Fruit flies) in three replicates to determine the effect of HISTONE protein on fetus growth. The study

demonstrates that, the Adjusted likelihood approach estimator performs very well.

Key words: Multiple testing, likelihood approach and Average estimate approach.

1. Introduction

Genomic technologies generate vast amounts of biological data that form the basis for studies that require
repeated testing of the same hypothesis. Because the number of tests performed is so large, the multiple
comparison procedures that control the familywise error rate are sometimes too stringent for biological
applications (Jiang and Doerge, 2008). In fact, the main aims are to present some modern methods of
estimating the proportion of true hypotheses where it plays a main role on false discovery rate (FDR) control,
denoted by my (see Langaas, Lindqvist and Ferkingstad, 2005; Wu, Guan and Zhao, 2006; Jiang and Doerge,
2008; Zhao et al., 2012; Cheng, Gao and Tong, 2015; Tong et al., 2013 and Oluyemi and Hanfeng, 2016).

In this paper, we carried out a simulation and real data experiment to compute estimating of the

proportion of true nulls with independent structures using the adjusted likelihood and average

estimate approaches (see Ewhida, Alammari and Thwil, 2022; Jiang and Doerge, 2008).
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2. Methods

2.1 Adjusted likelihood approach (see Ewhida, Alammari and Thwil, 2022)

Let py. Py, ... B, be a random sample of size m from the pdf

fp/my.hy = my + (1— my)h(p), 0<p<1.

The method proposes m, to be estimated by the Maximum Likelihood Estimating (MLE) when h is

subject to a histogram type approximation. Motivated by the histogram approach (see Mosig et al.,

2001 and Nettleton et al., 2006), a histogram approximation to the alternative pdf h(p) is proposed as

follows. Let & = 2 be an integer. Define

B kq, if (—U/k<p<j/k 1<j=k—1
)= g, (1-p) if (k—1)/k<p<1

where 0 = g; =1withq, +q.+ "+ g, +q,,/2=1,q, = k=2 y where k pre-specified using

Shimazaki and Shinomoto method (see Shimazaki and Shinomoto, 2007). The Algorithm of
Shimazaki and Shinomoto method is,
o First, we should start with determine the sample size of the Histogram distribution which is n.
we used R language to cluster the variables.
e Divide the data range into B bins width A, and count the number of events L; that enter to the
i-th bin.
e Calculate the mean and the variance of the number of events L as:

L=X% Li
and
B . ~
v=1/B ) _ (Li—L)?

e Compute a formula (cost function)

ceh) = ( EL}; L-')

e Repeat until change A , then find A" that minimize C (%)
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Then we have applied the SH method in the likelihood approach (see Hualing and Hanfeng, 2021).

So, the finite mixture distribution can be expressed as:
fp/my.h) = my + (1- ED){H_Jf:l(kqjju[j} {k:fi’k—i(l — P )y
where w;; is the indicator whether p; falls into j-th category of the histogram with k bins or not, i.e.,

o :{1ifU—lﬂk£pwiﬂk

H 0 otherwise

for=12,..,m,j=1,2,.. k Notethat for 1 < i <m, ¥¥_, w;; =1, and /%, ¥¥=, w,; = m.

The log-likelihood of the parameter  of interest and the new nuisance parameter g becomes

k-1

l(m@) = )" loglmy + (1= mo){ | [okap) } Gtausc1—p)es

i= =1

So, maximizing the nonlinear log-likelihood function can be complicating. However, the Expectation-
Maximization algorithm (EM algorithm) can be used to obtain an approximation to the MLE (k)
easily. To do that, they introduce a latent Bernoulli variable z; be a binary random variable with z; = 1 if
p belongs to the first mixture component U (0, 1) if and only if the null hypothesis is true, and z; = 0 if
p belong to the second mixture component h{gl,...,qk), for i = 1,...,m when the exact number of

observations within each mixture component is fixed, Then the complete data likelihood function of
(5. q) is:

™

r feslme)if (2o, qq-- - qp )7

i=1

- ﬂ[ o™ {(1 = o) ﬁikq}')uﬁ {k:qk—J.(l - P:‘j}um}l_z[

and the log likelihood function for complete data is:

I"(,q) = 2 log M + (m —z) log (1 — ) + Efzi{w,; ) log(ka ) + Ty loglk* g5 (1 - po)]

£ — &'m — &'m ¥
where w}; = (1 —z)w;; z = X%, z;, andw; = T2, w';

| Copyright © LJAST A ghae aal) (358a

- Aol g e s gl Ll Sl



LJAST

Libyan Journal of Applied Volume 13 Issue 01

Science and Technology June 20235
Lyidtl] g Laipakeil] o plall Lysdl Al ISSN 2958-6119

LJAST

GyiBilly Sudymill sglacll Lul alos

Using the current iterate of parameters 8° = mj,qj,...,q; at iteration, the next approximation

(@77 = mi*t qi*L, .., qi1) is given by the EM algorithm in two steps:

E-Step: conditional expectation of z; given p
Qg q) = E(I"(mp,q) |p; €°)
k—1
= Egt (z|P)logmy + (m — Ege (z)P))log(1 — my) + Z (Ege [w.}-*|F‘]) log kq;
i=1

+2211(59'(‘”:‘:{%|P))1‘:’g(k:%—1(1 — )

M-step: In the M-step, @(m,q) is maximized to yield the next

t+1 e+l e+l t+1
g = My ] eeees Qg

Setting d@ /dm, = 0, we have

) Eqt(z|P
]TE-H': E(. )

where

m

B (IP) = ) By flP) =B e(zlPY= g oz = 1IP) = £,
i=1
ad

wl 41— ng}il'[j}':‘__'-.:kqu}wij} (k2 g, f(1-p)]Yik

and second to approximate g ;, by dE(z;|p; 8°) /dq ; = 0 we have

3+l “.; “

q ' = :
’ m — E-‘TE.JfI_IE(z-l'P) m(1l—mEt)

approximation

To sum up, let mf, qf,...,q5 be the t*™approximations to the maximum likelihood, and the

mitt qf*, ..., qi! is approximation with EM algorithm is given by
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per w0 [T e ;) U] 6 g T (11

1

£+l _ E:r]:l(l —Z':)Cr_:li}-

q_;l' i

t+1 _ 22,1 — Z) (@) T ®i))
3m

Tr-1

7.t = g, /2

where

m

kK m
ﬁi=ZZ[1—Z’}jmi}-=m— z,

J=1i=1 i=1
repeat until

(A1) —Q(85)l<& t=012,..
Then, ft, = m5*t
2.2 Average estimate approach (see Jiang and Doerge, 2008)
This approach is motivating the work of Storey, 2002, where the 7, estimated by

- WA}
(A = 25 (1

where W(A) = #{p;;p; > A} and 0 = 4 < 1 is a tuning parameter. However, this estimator has large
bias and small variance when 4 is small and a small bias and large variance when A is big. Therefore,

Jiang and Doerge, 2008 proposed an estimate of 7 ;(A) as the average of 4(4) over the values of 4,

lzi:?!
fo=—) (R
o n = (I

where the approach aimed to balance the bias and variance. Define 0 = £ < t, << - <ty <tz =1
is equally spaced points in the interval [0, 1], where divided into B small intervals with equal length 1/B.
Specifically, t; = (i — 1)/B. For each t,, f,(t;) is an estimate of m, by equation (1) with A =t, . Let

Nb, = #{p.;:p, = t.}and Ns, = #{p.:t, < p, <t ,}foralli =1,...,B. If the Nb; p-values come

from the null distribution, from this can be estimated by
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o(B) =
where i = min{i; Ns, < &}
B-i+1

3. Simulation study

}':
}':

T B-i+l

B Pk
1 HD(t}'] =

yizE

B—i+1 7T (im0’

To investigate the properties and performance of these methods, we used randomly generated

independent data with no dependence structure within or between the genes from mixture normal

distribution. Each p-values were computed by the cumulative distribution function of standard

normal, with true values of @y = 0.50, 0.75 and 0.90. The leading diagonal of covariance matrix X

contained all 1’s. This procedure was replicated 100 times, for sample sizes (200, 500 and 1500

genes). The result of these two methods performances is shown in table 1 below.

Table 1: Empirical average of the estimates for the proportion 75 with their standard deviations in
Parentheses in independent data. Each of the entries is based on 100 replicates. Denote

75"%E for the average method estimator and 75 %/ for the new Adjusted likelihood estimator.
— 0.50 (092507571) (09 1547923)
L.L3 (0%876688) (00. 1850582)
0.90 (00.6973725) (09 .1953266)
500 0.50 (00 .1782483) (00 .1546429)
@is (0().6870017) (09 17418939)
0.90 (096971120) (00. 1941789)
1500 0.50 (09 1556350) (00. 15343941)
0.75 (096860233) (09 1739562)
0.90 (0(?695()’516) (o(? 1931175)

4. Microarray data application

This CHIP-on-chip experiment has been done by Elnfati, Iles and Miller 2016, to express where the

protein and DNA are bound, and the sample was taken from Drosophila fly (Fruit flies) in three
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replicates to determine the effect of HISTONE protein on fetus growth, and the result was good.

However, the adjusted likelihood approach gives a much lower estimate of m than the average

estimate approach as shown in Table 1. From this real data analysis, adjusted likelihood approach

provides a slightly larger estimate than average approach as shown in Table 2.

Table 2: The estimate of the proportion of true null hypotheses myusing two methods: the

adjusted likelihood approach and average approach with B chosen via the bootstrapping
procedure (Bboot) applied to drosophila fly data.

Adjusted Likelihood Average estimate
approach approach
0.19642 0.11

5. Conclusion

In this work, we have used two methods for estimating the proportion of true null hypotheses ().
The adjusted likelihood method gives a much lower estimate of mythan the average estimate

approach.
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