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Abstract

With high-throughput biotechnologies, emerging multi-omics data have provided unprecedented opportunities for detecting new disease-
associated biomarkers. A commonly used strategy for such an analysis is to form various sub-hypotheses based on each omics data and their 
combinations, and then integrate them. Existing methods designed for combining correlated results can be adapted for these association tests. 
However, there lack systematic comparisons of their performance when applied to multi-omics data. In this study, we conducted extensive 
simulation studies to evaluate the impacts of 1) inter-correlation among multi-omics data; 2) interaction effects within and between different 
layers of omics data; and 3) the underlying disease model on the performance of five selected methods, including the Kost and McDermott 
method, the Omnibus-Fisher method, the truncated product method (TPM), the harmonic mean P-value (HMP) method and the minimum P-value 
method.

We found that the minimum P-value and the HMP methods perform better than the other three methods, especially when interaction effects 
are of interest. The Fisher-types of statistics are most sensitive to the number of sub-hypotheses and the correlations among omics data. They 
can achieve the best performance when all the omics data are associated with the outcome but perform the worst when only a small fraction of 
the sub-hypotheses are significant. The TPM achieves sub-optimal performance when the truncation point is fixed. For practical applications, we 
recommend using the HMP and the minimum P-value methods for association analyses with multi-omics data, especially when interaction effects 
are of interest. 
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Introduction

Recent advances in multi-omics data (e.g., genomics, 
transcriptomics and epigenomics) generation and collection 
present us with unprecedented opportunities for identifying 
new disease-associated biomarkers. Each type of omics data 
investigates disease etiology from a different perspective, and 
thus provides both confirmatory and complementary information. 
Traditionally, multi-omics data were analyzed separately, and 
only partial information from each data type was used. This can 
lead to several issues, such as missing heritability [1] and poor 
reproducibility [2]. Integrative analysis of multi-omics data has 
the potential to make full use of their information and provides 
a more holistic perspective of disease etiology. While multi-omics 
data can be used to address various research questions (e.g., 
discovering molecular mechanisms, classifying samples [3] and 
predicting disease outcomes [4]) and a comprehensive review 
of their analytical methods can be found in [4-6], here we mainly 
focus on those methods that are designed for association studies, 
where research interest lies in detecting new disease-associated 
biomarkers.

Existing integrative methods for association analyses can be 
broadly categorized into two groups. The former is to first combine 
multi-omics data and then test their joint effects on the disease 
outcome based on the integrated data [7-9]. For example, the 
widely-used kernel machine regression models build a composite 
kernel matrix using all layers of omics data, based on which 
association test is further performed [7]. These methods intend 
to boost the power of association test by capturing the complex 
inter/intra-relationships among multi-omics data through 
various integration techniques. However, their degree of successes 
highly depends on the adopted data-integration procedure, 
which by itself is a very challenging problem mainly due to the 
unknown disease mechanisms and complex relationships among 
omics data. Furthermore, they have sub-optimal performance 
if the signal is sparse (e.g., only one omic is associated with the 
outcome). A recent emerging approach is to treat the association 
test as a multiple hypothesis testing problem, where results from 
the analysis of each layer of omics data and their combinations 
are integrated [10,11]. For example, Yan et al. [10] developed the 
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Omnibus-Fisher method, where hypothesis tests were performed 
for each layer of omics data and individual P-values were combined 
into an overall P-value based on a Fisher-type of statistic. Zhao 
et al. [7] extended the minimum P-value method, where the test 
statistics was defined as the minimum of P-values that were 
calculated from different combinations of omics data. While these 
methods are less affected by the data integration step, their power 
can be influenced by how dense the signals are. Indeed, these 
methods can all be viewed as extensions of those that are designed 
for optimally combining correlated P-values. It has been shown 
that if the number of omics data and/or their interactions that are 
related to the outcome is in a very small proportions (i.e., at the 
level of ( )L α− with (3 / 4,1)α ∈ and  being the number of tests), then 
the minimal P-value method is optimal. However, if the signals are 
denser (e.g., (1/ 2,3 / 4)α ∈ ), then the Fisher-type of statistics should 
be used instead [12,13].

Meta-analysis methods that combine multiple P-values into 
a single unified P-value are commonly employed to improve the 
precision of hypothesis testing [14-16]. They have been used for 
association test with multi-omics data) [10,11,17], where a natural 
and common question is whether the combined evidence from 
all layers of omics data supports a particular hypothesis. These 
methods have shown improved power and are promising for 
multi-omics data analysis. However, their test statistics are usually 
monotonic in P-values and thus optimal under certain conditions. 
It is not clear whether they can achieve optimal performance 
for association analysis with multi-omics data, making it hard 
to determine their suitability for a multi-omics application at 
hand. The goal of this paper, therefore, is to make comparisons 
of the existing meta-analysis methods and to provide practical 
recommendations regarding their use for association analysis 
with multi-omics data. In the following sections, we first give a 
brief overview of the existing methods designed for combining 
correlated results, and then conduct extensive simulation studies 
to evaluate their performances for multi-omics data analysis. 
Finally, we provide a practical recommendation and future 
directions for association analysis with multi-omics data.

Statistical Methods for Combining Multiple Correlat-
ed P-values

The research interest for association analysis with multi-layer 
omics data lies in whether any layers and their combinations are 
associated with the disease outcome. A commonly used ’meta-
analysis’ approach is to first form a total of L sub-hypotheses 
(i.e., 1 2{ , ,..., }LH H H H= ) with each representing the association 
between the outcome and a specific layer of omics data (or their 
specific combinations). The P-values for each sub-hypothesis are 
derived (i.e., 1 2{ , ,..., }Lp p p p= ), and then the overall significance 
is assessed using methods designed for combining correlated 
P-values. For example, for multi-omics data that contains 
genotypes and methylation levels, Zhao et al. [7] proposed to first 

calculated P-values for three sub-hypotheses (i.e., whether disease 
is related to a) genotypes, b) methylation, and c) both of them), 
and then used the minimum P-value method to assess the overall 
significance. It is apparent that methods used to assess each sub-
hypothesis can have a major impact on the overall power. Therefore, 
for a fair comparison of the existing methods that are designed 
for combining correlated P-values, we adopted the widely-used 
kernel machine regression models for each sub-hypothesis testing 
[18,19]. Interested readers can find other methods for single-layer 
omics data association analysis in [20,21].

Many existing methods for combining correlated P-values 
were motivated by the seminal work done by Fisher [22], where 
the test statistic 

1
2 lnL

ii
T p

=
= − ∑  p_i follows a 2

2Lx  distribution under 
the null hypothesis and p_i is independent of each other. To allow 
dependencies among P-values, they extended the Fisher’s method 
by re-scaling 2

2( . ., ~ )fi e T cx and mostly followed the Satterthwaite’s 
procedure that equates the first two moments of the unknown 
distribution to that of a 2x  distribution. It is straightforward to 
show that 
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= for these re-scaling methods, where 

[ ] 2E T L= and ( [ ]) 4 2 2 ln , 2 ln )cov(i j i jVar T L p p<= + ∑ − − .While using the same 
re-scaling procedure, the existing Fisher-based methods mainly 
differ in the way of estimating the covariance between n il p  and 
ln jp . For example, the Brown’s method [23] assumes that P-values 
were obtained from test statistics that follow a multivariate normal 
distribution with a known covariance matrix. Gaussian quadrature 
is used to evaluate and tabulate the covariances between ln jp and 
ln jp  which are further approximated by the following function:
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where 1 1( , ), (1 ), (1 )ij i j i i j jcorr X X X p X pρ φ φ− −= = − = −  and φ is the cumulative 
distribution function of the standard normal.

Kost and McDermott (Kost and McDermott 2002) [24] 
extended the Brown’s method, where they derived the analytical 
solution when test statistics are assumed to follow a multivariate 
normal distribution with both known and unknown covariance 
matrix. Similar to the Brown’s method, the computation of 
cov( 2ln , 2 ln )i jp p− −  also requires numeric integration that 
is computationally intensive. Therefore, Kost and McDermott 
developed a third-order polynomial function to approximate the 
covariance between 2ln ip−  and 2ln jp− and their method performed 
better than equation (1) developed by Brown (Alves and Yu 
2014) [25]. For example, under the same assumption used in the 
Brown’s method, Kost and McDermott calculated the covariance 
as 3cov( 2 ln , 2 ln ) 3.263 0.710

iji j ijp p ρ ρ− − ≈ +  where the difference 
between the approximation and the exact value is no more than 
0.0002 [25].

While parametric approximations for cov( 2ln , 2 ln )i jp p− − work 
reasonably well on low-noise normal data, their performance 
can be affected if there is high level of noise in the data. Recently, 
efforts are made to estimate the covariance directly from the 
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data. For example, the empirical Brown’s method first transforms 
the raw data based on their empirical cumulative distribution 
function and then calculates the covariance based on its definition 
[17]. Yan et al. developed the Omnibus-Fisher method where 
cov( 2ln , 2 ln )i jp p− −  is estimated empirically via perturbations [10].

In the formulation of the Fisher’s statistic, it is assumed that 
all tests to be combined are equally important [22]. However, 
there are many situations where evidence should be weighted 
differently [26,27]. For example, Whitlock [26] has demonstrated 
that the weighted Z-method can perform better than their 
unweighted counterpart when the sample sizes or the accuracies 
of each study differ. Similarly, Hou showed that the weighted 
Fisher’s statistics (ie., 12 lnL

i i iT pω== − ∑  and iω  is know) have better 
performance when weights reflect the underlying contributions of 
each study [26]. Intuitively, it is logical to weight the contributions 
from each omics data differently, as evidence for association from 
different layers of omics data can differ substantially and some 
layers of omics data are subject to more noise as compared to the 
others. However, it is not straightforward to apply these generic 
methods for omics data analyses. For example, Hou’s method 
[26] is useful for cases where weights can be easily determined 
from the study design, but its application is limited for multi-
omics data analysis as prior evidence is often lack to accurately 
pre-specify the weights. In addition, it is usually the case where 
only a small subset of those L hypotheses are false for multi-omics 
data. To account for these issues, Zaykin et al. [16] developed the 
truncated product method (TPM), which restricts the analysis to 
the tail of the P-value distribution. Instead of testing whether the  
tests contain any evidence against the null, they only focused on 
the tests with small P-values and asked whether any of them are 
indeed significant. The test statistic is formed as ( )

1

piL I
i iT p

τ≤

== Π  where 
τ  is a pre-specified value used to determine whether the P-value 
for the ith  sub-hypothesis should be considered small. Indeed, 
TPM only focuses on the isp  that do not exceed the truncation 
point τ . Using the idea in Wilkinson’s truncation method [27], 
Zaykin et al. [16] showed the tail probability of the test statistics 
when all P-values are independent:
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To account for dependencies among P-values, similar to 
the Brown’s method, they assume the test statistics from  sub-
hypotheses jointly follow a multivariate normal distribution. 
They transform the correlated P into an un-correlated P* by using 

* 1 11 ( (1 ))P C pφ φ− −= − − , where CC′∑ = and ∑  is a non-degenerate 
correlation matrix for P. The tail probability of the test statistic 
is evaluated based on P* using equation (2). The selection of 
truncation point  can be quiet arbitrary. Sheng and Yang [29] 
proposed an adaptive TPM to facilitate its selection. They 
evaluated the test statistics in the TPM over a range of truncation 
points 1 2( . ., ... )Ki e τ τ τ≤ ≤  and defined their test statistics as the one 
that gives the smallest P-value 

arg min
( . ., )K

K

i e T pττ
= . Permutation-

based method is used to assess the tail probability of T.

TPM can be sensitive to the sample size and the number of sub-
hypotheses, and thus Dudbridge and Koeleman proposed a ranked 
TPM in which the sample size has little impact on the choice of 
truncation points [30]. Rather than selecting τ  Dudbridge and 
Koeleman proposed a complementary strategy and formed their 
test statistics based on the  most significant P-values 1( . ., )K

iii e T pπ =
=

, where K is chosen to reflect a hypothesized disease model and 
is independent of sample size. The test statistics has the exact 
distribution as

1
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To facilitate the selection of K, Dudbridge & Koeleman [31] 
proposed an adaptive rank TPM, which follows similar steps as 
those used in the adaptive TPM [28].

Compared to the Fisher-type of statistics and their weighted 
counterparts, these TPM-based methods focus on a set of 
significant sub-hypotheses, and thus have the potential to increase 
the overall power of the test if the signal is sparse. However, for 
association studies with multi-omics data, the signals can be 
extremely sparse, especially when associations between the 
disease outcome and the interactions within and among layers 
of omics data are also treated as sub-hypotheses. Considering 
the interactions within and between layers of omics data, on one 
hand, could increase the chance of detecting disease-associated 
biomakers. On the other hand, it may decrease the power of the 
overall test if only additive effects are present. As most of the 
disease mechanisms are unknown in advance, and the minimum 
P-value method that explicitly considers various combinations of 
data to form sub-hypotheses has been often used for multi-omics 
data analysis. Rather than considering a set of significant sub-
hypotheses, the minimum P-value method only focuses on the 
most significant result. It defines its test statistic as 

1

arg min i

i L

p
T

≤ ≤
= and 

evaluates the tail probability through the perturbation. As shown 
by Tippett [32], the minimal P-value method is optimal when 
the proportion of significant sub-hypotheses is at the level of L α−  
with (3 / 4,1).α ∈  For association analysis with multi-omics data, 
the minimum P-value method could be most powerful, especially 
when the number of sub-hypotheses considered is large.

While most of the existing methods can be viewed as a 
generalization of the Fisher’s method, where the first two 
moments of the uncharacterized distributions are matched to that 
of a 2X  distribution, other ideas are also explored in the field [33-
35]. For example, using a similar idea in Stouffer’s method [33], 
Lipták [34] developed the inverse normal method and Hedges and 
Olkin [35] further proposed a generalized inverse normal method 
to consider the case of dependent P-values. The analytical form 
of the tail probability is derived, which is further approximated 
by the standard normal distribution. Recently, Wilson [11] 
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viewed the problem of combining evidence from the perspective 
of Bayesian model averaging and developed the harmonic mean 
P-values (HMP) method. The maximum likelihood ratio for the ith 
sub-hypothesis defined in equation (3) is a classical analogue of 
the Bayes factor, and it measures the evidence for the alternative 
hypothesis Hi1 the null Hi0 the corresponding data (denoted by X_i).

1sup{ ( | ) : }
sup{ ( | ) : }

i i
i

i io

pr X HR
pr X H

θ θ θ
θ θ θ

∈
=

∈
                         (3)

Under the null hypothesis, iR can be approximated by a 
LogGamma distribution ( 1, 1)α β= =  to the Wilks’ theorem [36], 
and thus the P-value for the th sub-hypothesis can be calculated 
as 2 1

2Pr( | ) Pr( 2 log )i i io df i ipi r R H X R Rθ −
== ≥ ∈Θ = > = . Using this rationale, 

Wilson [11] defined his test statistic based on the average of  
maximum likelihood ratios,

1

1
1 1

1 1 1
1 1
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i i

L
L Li i i
i i i i

i i

R
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ω
ω ω ω

=
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= =

∑
= = = =

∑ ∑ ∑
               (4)

Where 
iω weights and 

1 1L
i iω=∑ = . The generalized central 

limit theorem is used to approximate the distribution of R  under 
the assumptions that all weights are equal ( . ., 1/ , (1, ))ii e L i Lω = ∀ ∈  
and iR  are independent and identically distributed. Wilson [11] 
further showed that these assumptions can be relaxed, and his 
proposed HMP method can also be used to combine dependent 
P-values.

Simulation Studies

While most of the existing methods designed for combining 
correlated P-values have the potential to be adapted for association 
analysis of multi-omics data, we focused on five widely-used 
methods, including the Kost & McDermott method [24], the 
Omnibus-Fisher method [10], the TPM [16], the HMP method [11] 
and the minimum P-value method [32]. The chosen methods cover 
a range of existing test statistics. For example, Kost, Omnibus-
Fisher and TPM methods can all be viewed as an extension of the 
Fisher-type of statistics, whereas the test statistics for HMP and 
minimum P-value methods are based on Bayes factor and order 
statistics, respectively. The selected methods also allow for a 
systematic comparison when the signals in multi-omics data vary. 
For example, Kost, Omnibus-Fisher and HMP methods make use 
of all sub-hypotheses, whereas TPM and the minimum P-value 
methods only focus on a set of the most significant sub-hypotheses. 
While TPM uses a pre-specified truncation point  to determine the 
subset, the minimum P-value method only focuses on one sub-
hypothesis that is the most significant. Our selected methods also 
enable the investigation of the impact of dependencies among 
sub-hypotheses. While it is well accepted that there are complex 
inter/intra relationship among multi-omics data and their effects 
on disease outcomes are not independent of each other, there lack 
thorough explorations for the impact of correlation estimation on 
the overall power of the test. These selected methods allow for 
the investigation of a series of situations, including 1) the explicit 
estimation of correlations among P-values using parametric form 

(i.e., the Kost) as well as empirically (i.e., the Omnibus-Fisher 
method) and 2) the derivation of an overall test statistics without 
estimating cov( 2ln , 2 ln )i jp p− −  (i.e., the HMP and minimum 
P-value methods). 

We conducted extensive simulations to investigate the 
performance of these selected methods under various scenarios. 
We started by evaluating the impact of inter-correlation among 
multi-omics data, followed by assessing the impact of interactions, 
and finally gauged the impact of disease model on the performance 
of each method. We conducted 10,000 Monte Carlo simulations 
under each setting to calculate the type I error and 2,000 Monte 
Carlo simulations to calculate empirical power for each method.

Scenario I: The Impact of Inter-correlation among 
Multi-omics Data

For simplicity and without loss of generality, we only 
considered two-layer omics data that include genotypes and 
methylation levels. Following a similar idea used in [7], 50 
variants were generated from a multivariate normal distribution 
with mean  and variance, 1 ...

1

ρ

ρ

 
 ∑ =  
 
 

  



We randomly selected  variables to represent genetic data, 
which were further categorized into 0, 1, and 2 by comparing 
the values to their 36th and 84th percentiles. The remaining 
variables were treated as the methylation data. The parameter ρ
represents correlation between genetic and methylation data and 
was gradually increased from 0 to 0.5. We simulated the outcome 
as,

0 1i i s ij m il ij JG l JM
y X G Mβ β β β

∈ ∈
= + + + +∈∑ ∑              (5)

where ~ (0,1)iX N demographic variables (e.g., age) and 
~ (0,1)i N∈ . ijG  and 

ilM  respectively denote the genotype of the 
jth variant and the methylation level of lth CpG site for individual i. 
JG and JM sets of causal variables for genetic and methylation data, 
respectively. Here, we randomly selected 3 genetic variants and 
2 CpG markers and set them to be causal. To evaluate the type 
I error, we set 0,s mβ β= = and thus disease outcomes are only 
affected by the demographic variable. To evaluate the empirical 
power, we considered three scenarios, including 1) only one layer 
of omics data has effect (i.e., genotype only effect 0, 0.08m sβ β= =
methylation only effect: 0, 0.08),s mβ β= =  2) both methylation 
and genotype data have effects that are in the same direction 
(i.e., 0.05)s mβ β= = . 3) both layers have effect but on different 
directions ( . ., 0.05).m si e β β= − =  We analyzed the simulated data 
using the five selected methods and reported the type I errors and 
empirical power under each setting. We further reported the type I 
errors and power from single-layer association analyses (denoted 
as Genotype and Methylation), where the significance level was set 
at 5% and no adjustments have been made to account for multiple 
comparisons (Table 1).
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Table 1: Type I errors under different correlations between genetic variants and methylation levels.

Correlation Omnibus-Fisher Kost Truncated Product 
Method 

 Harmonic Mean 
P-value 

Minimum 
Genomic Methylation

P-value

0 0.043 0.042 0.044 0.049 0.051 0.044 0.048

0.1 0.04 0.041 0.042 0.047 0.047 0.047 0.043

0.2 0.048 0.049 0.041 0.049 0.05 0.047 0.047

0.3 0.051 0.054 0.035 0.05 0.048 0.046 0.048

0.4 0.051 0.053 0.039 0.051 0.051 0.051 0.05

0.5 0.052 0.051 0.038 0.053 0.051 0.052 0.053

The type I errors are summarized in Table 1. Regardless of the 
levels of correlations between genetic and methylation data, all 
the methods control their type I error reasonably well at the 5% 
level, although TPM tends to be slightly conservative. When the 
effects of methylation and genetic data are on different directions 
( . ., 0.05),s mi e β β= − =  the power for all methods decreases first 
and then slightly increases (Figure 1A and Appendix Figure 
S1A). With regards to the power, TPM has the lowest power 

under all the correlations considered. The other methods have 
similar performance, although the minimum P-value and the 
HMP methods tend to be slightly better, especially under weak 
correlations. While results from single-layer and joint analyses are 
not directly comparable as multiple comparisons have not been 
adjusted, the power from joint analyses tend to be in between 
of those from single-layer analyses when the genotypes and 
methylation levels are not independent.

Figure 1: The impact of inter-correlation among multi-omics data when the effects are on the same direction. A. Different direction: the 
effects of multi-omics are on the different direction; B. Both with equal effects: genetic data and methylation data have effects; C. Genomic 
only: genetic data has effects; and D. Methylation only: methylation data has effects.
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When the effects are on the same direction, all methods 
become more powerful as the correlation increases (Figure 1B 
and Appendix Figure S1B). When both layers of omics data have 
effects ( . ., 0.05)s mi e β β= =  and they are correlated, the Fisher-types 
of statistics (i.e., Kost and the Omnibus-Fisher methods) perform 
the best, followed by the HMP and the minimum P-value methods. 
The TPM has the lowest power. As correlation increases, the 
differences among all methods except the TPM become negligible. 
When multi-omics data are independent, TPM has the lowest 
power while the others achieve a similar level of performance. 
Compared to the single-layer association analysis, all methods 
except TPM have better performance, which suggests that the 
joint analyses should be used when both layers are associated 
with the outcome.

When only one layer of omics data (i.e., genotypes or 
methylation levels) is associated with the outcome (Figure 1C-1D 
and Appendix Figure S1C-1D), the minimum P-value and the HMP 
methods perform the best under the settings of weak ( . ., 0.1)i e ρ =  
or no ( . ., 0)i e ρ =  correlations, and the Fisher-types of statistics 
and TPM have similar levels of performance. While TPM is the 
least powerful method, the power of all other methods become 
similar as correlations increase ( . .,0.3 0.5)i e ρ≤ ≤ . For single-
layer association analysis, it achieves the highest power when the 
outcome-related layer of omics data is used, but its power can be 
the lowest if the unassociated layer is analyzed instead. This is 
especially true when the correlation between omics data is weak. 
In practice, the disease model is unknown in advance, and thus 
joint analysis that can achieve close-to-the-best performance is 
preferred for detecting disease-associated markers.

In summary, regardless of the correlations among multi-omics 
data, the joint analysis on all layers of omics data achieves robust 
and close-to-the-best performance as compared to the single-
layer analysis. The Kost and Omnibus-Fisher methods have the 
best performance when both layers of omics data have positively 
correlated effects. When only one layer of omics data has an effect 
or the effects are on different directions, the minimum P-value and 
HMP methods tend to have the highest power. Regardless of the 
disease model and the correlations, TPM performs the worst. As 
shown in both Figure 1 and Appendix Figure S1, the differences 
among these methods are more apparent when there is weak or 
no correlations between omics data. As correlation increases, all 
methods except TPM have similar levels of power.

Scenario II: The Impact of Interaction Effects

Epistasis and interactions among different layers of omics 
data widely exist. For example, proteomics that measures all 
proteins and peptides can provide complementary information 
for the association analysis with genetic data [37]. On one hand, 
considering the interaction effects among multi-omics data in 
the association studies can facilitate the detection of disease-
associated biomarkers when interactions present. On the other 
hand, they can also substantially increase the number of tests, and 

thus can reduce the power in the absence of interactions as family-
wise type I errors need to be controlled. Therefore, we conducted 
this set of simulations to evaluate the impact of interactions and 
the corresponding analytical strategies (e.g., consider the main 
and/or interaction effects within and among omics data) on the 
performance of these five methods. We used the same strategy as 
scenario I to generate methylation and genetic data, and simulated 
the outcome based on the following model,

0 1i i G s ij M m il
j JG l JM

GM sm ij il GG ss ij il MM mm ij il i
j JG l JM j JG l JG j JM l JM

y X I G I M

I G M I G G I M M

β β β β

β β β
∈ ∈

∈ ∈ ∈ ∈ ∈ ∈

= + + + +

+ + +∈

∑ ∑

∑ ∑ ∑ ∑ ∑ ∑
 (6)

where ~ (0,1)iX N and ~ (0,1).i N∈ , ( , , , , )kI K G M GM GG MM∈  is 
an indicator function representing whether the corresponding 
effects are present. In total, six disease models including those that 
have interactions within and between layers of omics data were 
considered (Appendix Table S1). For completeness, we considered 
two types of correlations between methylation and genotype data, 
including independent ( . ., 0)i e ρ =  and weakly correlated effects 
( . ., 0.1)i e ρ = . We considered three commonly used analytical 
strategies, where we modeled A1) only the main effects A2) the 
main effects and pairwise interactions between genetic and 
methylation data; and A3) main effects, pairwise interactions 
within each layer of omics data, and pairwise interactions between 
genetic and methylation data (details are in Appendix Table S2). 
The details of effect sizes are summarized in Appendix Table S3.

Figure 2 summarizes the power for each method when omics 
data are weakly correlated ( . ., 0.1)i e ρ = , and the rest ( . ., 0)i e ρ =  
are shown in Appendix Figure S2. Under the main effect only 
model (i.e., model G+M) the A1) strategy that only considers the 
main effects is most powerful for all methods, followed by the A2) 
strategy that considers the main effects and interactions between 
omics layers. The A3 strategy that considers the main effects and 
interactions within and between omics layers performs the worst. 
As expected, modeling interaction effects when they are absent 
reduces the power of the overall test. However, its impact differs 
across these five methods. The minimum P-value method that only 
focuses on the smallest P-value is relatively robust, whereas those 
(i.e., Kost and Omnibus-Fisher) that equally average information 
from all sub-hypotheses suffer the most power loss. The methods 
(i.e., TPM and HMP) that tend to weight evidence from different 
sub-hypotheses have a middle level of power loss. Regardless of 
the analytical strategies, the minimum P-value method has the best 
or close-to-the-best performance in the absence of interactions, 
followed by the HMP method.

Under the interaction effects only models (i.e models GG+MM, 
GM and GM+GG+MM), both A2 and A3 strategies are more powerful 
compared to A1. Indeed, the power of A1 strategy for all five 
methods is close to the expected type I error rate. For all methods, 
the analytical strategy that best mimics the underlying disease 
model has the best performance (Figure 2 and Figure S2), although 
the differences between A2 and A3 strategies for each method is not 

http://dx.doi.org/10.19080/BBOAJ.2020.10.555783
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substantial except for the case where only within-layer interaction 
effects are present. Consistent with what we have found from 
the main effect only model, the number of sub-hypotheses and 
their significance have the largest impact on the Fisher-types 
of statistics, and the least influence on the minimum P-value 
method. In addition, the increase in correlations between omics 
layers can reduce the impact of the number of sub-hypothesis 
tests, especially for the Fisher-types of statistics. Given there is an 

association, the chance of getting more significant sub-hypotheses 
increases as the correlation between omics data increases, and 
thus substantially benefit the Fisher-types of statistics as they 
equally average information across all sub-tests. Nevertheless, 
the minimum P-value method has the best or close-to-the-best 
performance under the interaction effects only model, regardless 
of the analytical strategies and the types of interaction effects 
considered. The HMP method has the second-best performance.

Figure 2: The impact of interaction effects when omics data are correlated. Disease Model G: genetic data has effects; M: methylation 
data has effects; GM: the interactions between genetic and methylation data have effects; GG: the interactions between genetic variants 
have effects; and MM: the interactions between methylation levels have effects. Analytical strategy〖 A〖_1: only the main effects; A_2: 
main effects and interactions between genetic and methylation data; and A_3: main effects, interactions between and within genetic and 
methylation data.

When both main and interaction effects present (i.e models 
G+M+ GM and G+M+GG+MM+GM), the strategies that take 
interaction effects into account (i.e., A2 and A3) have much better 
performance than those without considering interaction effects 
(i.e., A1). With A1 strategy, the Fisher-types of statistics tend to 

perform the best, but the differences among all methods except 
TPM are small. With regards to the comparisons between A2 and 
A3 strategies, the strategy that best mimics the underlying disease 
model has the highest power, although the differences can be very 
small. Regardless of disease models and analytical strategies, the 
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minimum P-value method tends to have the best power followed 
by the HMP method, whereas the relative performance of the 
other three methods depend on the disease model and the chosen 
strategy. 

In summary, the minimum P-value method is the most 
powerful method for most of the considered disease models and 
the analytical strategies, followed by the HMP method. While the 
strategies that best mimic the underlying disease model perform 
the best, the minimum P-value method under the A3 strategy 
provides the best or close-to-optimum performance. The Fisher-
types of statistics tend to be most sensible to the number of sub-
hypotheses and their significant levels, whereas the minimum 
P-value method is much more robust. Both TPM and HMP that 
can be considered as test-statistics that weight information from 
different omics layers have a middle level of robustness, and HMP 
tends to perform better than TPM. 

Scenario III: The Impact of Disease Model

For most complex diseases, not all layers of omics data 
are associated with the outcome. In this set of simulations, we 
evaluated its impact on the performance of these five methods 
by considering various disease models. We simulated 3 layers 
of multi-omics data, including genetic, methylation and gene 
expression data. We randomly selected a gene (i.e., gene RB1 
located on chromosome 13), and generated its gene expression 
and methylation data using the InterSIM software that simulates 
omics data based on realistic correlations derived from the TCGA 
ovarian cancer study (Chalise, Raghavan, and Fridley 2016) [38]. 
The genetic data was generated by the HAPGEN2 software, where 
the CEU samples from the HAPMAP project [39] were set as the 
reference panel. We generated the outcome as,

0i i i G s ij M m il E e ij i
j JM l JM j JE

y X I G I M I Eβ β β β β
∈ ∈ ∈

= + + + + +∈∑ ∑ ∑  (7)

where ~ (0,1)iX N and ~ (0,1).i N∈  We set the gene expression 
effect (denoted by eβ ), genetic effect (denoted by sβ ), and 
methylation effect (denoted by mβ ) to be 0.08. A total of 8 
disease models were considered, including disease outcomes 
were associated with 1) none of the multi-omics data 

0, ( , , ));2)j j M e G= ∀ ∈  only one layer of omics data 1Ij = and 
0, ( , ) ( , , ));K jI j k M E G≠ = ∀ ∈  3) two layers of omics data 1j kI I= = and 

mI 0= where ( , , ) ( , , )j k m G M E∈ and ; )j k m≠ ≠ ; 4) all of them 
1, ( , , ))jI j M E G= ∀ ∈ .

When none of the omics is associated with the outcome, it 
is equivalent to the null model and thus type I errors for all five 
methods can be evaluated. While HMP has a slightly increased type 
I error (Type I error=0.057), the others control the type I errors 
reasonably well at the 5% level (Appendix Table S4). As shown in 
Figure 3, when only single layer of omics data is associated with 
the outcome (models G, M, and E) the HMP, TPM and the minimum 
P-value methods perform better than the Omnibus-Fisher and Kost 
methods. When multiple layers of omics data are associated with 
outcomes (models G+M, G+E, M+E and G+M+E), the Fisher-based 
methods (i.e., the Kost and the Omnibus-Fisher methods) are most 
powerful, followed by the HMP and TPM methods. The minimum 
P-value method tends to be the worst. As the HMP method has 
slightly inflated type I error, its power should be interpreted with 
caution. Nevertheless, as expected, when only a small subset of 
omics data is associated with the outcome, methods that only focus 
on the “significant results” tend to be more powerful. However, 
when the association signals come from multiple layers of omics 
data, the Fisher-based methods perform better.

Figure 3: The impact of disease model. Disease model G: genetic data is associated with the outcome; M: methylation data is associated 
with the outcome; and E: gene expression data is associated with the outcome.
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Discussion

With the advances in high-throughput biotechnologies, multi-
omics data have been collected and jointly analyzed to detect 
new disease-associated biomarkers. While methods designed for 
integrating evidence from correlated heterogeneous data sources 
can be adapted for multi-omics applications (e.g., see (Yan et al. 
[10] and [7]), there lack systematic comparisons to evaluate 
them. In this study, we conducted extensive simulation studies 
to evaluate the impacts of 1) inter-correlation among multi-
omics data; 2) interaction effects within and between different 
layers of omics data; and 3) the underlying disease model on 
their performance. In summary, we found that the HMP and 
the minimum P-value methods have better performance than 
the other three methods, especially when the number of sub-
hypotheses is large (e.g., various types of interaction effects are 
considered). The Fisher-types of statistics are most sensitive to 
the number of sub-hypotheses and the correlations among omics 
data. They can achieve the best performance when all the omics 
data are associated with the outcome, but they can also be the 
least powerful method when only a small fraction of the sub-
hypotheses are significant. Given a fixed truncation point, TPM 
seldom achieves the highest power among all the simulations 
considered.

In real-world omics applications where researchers are 
interested in detecting disease-associated biomarkers, a 
commonly used approach is to conduct hypothesis tests for each 
layer of omics data and then combine them to provide the overall 
assessment. While easy to implement, it is often the case where 
correlations among P-values derived from each omics data and 
their combinations are unknown. An intuitive and straightforward 
approach is to estimate the correlations either empirically [10] or 
using parametric models [24]. While it is expected that the non-
parametric methods are more robust, our analyses suggest that 
the Omnibus-Fisher and Kost methods perform similarly across 
a range of correlation levels (Figure S1). Indeed, the Kost method 
that uses parametric models to estimate the correlations has 
better performance than the non-parametric counterpart when 
the correlation is weak. Nevertheless, both the Omnibus-Fisher 
and Kost methods are based on the Fisher-type of statistics, 
and thus treat all sub-hypotheses equally. They are sensitive to 
the proportion of significant sub-hypotheses, especially when 
correlations between omics data are weak (Figure S1). TPM also 
requires the estimation of covariance between P-values, and it can 
be viewed as a variation of the equally weighted methods. It focuses 
on a subset of hypotheses with P-values less than a pre-specified 
truncation point τ .  While TPM has the potential to reduce the 
impact of null results from sub-hypotheses, it is sensible to the 
truncation point. Given a fixed value of τ , TPM performs worst 
regardless of the correlation levels. A range of truncation points 
should be attempted for TPM to ensure its optimal performance.

Another approach for combining correlated information is to 
develop test-statistics that do not explicitly rely on the estimation 
of correlations. The minimum P-value method that focuses on 
the most significant sub-hypothesis and derives the empirical 
distribution via perturbation is within this category. It can achieve 
the highest power when the signal is sparse and the correlations 
among P-values are weak. Its performance is sub-optimal when 
both layers of data have weak but positively correlated effects 
(Figure S1). This is mainly because the minimum P-value method 
fails to utilize information from all relevant layers of data and 
misses the weak signals. However, as the correlation increases, 
the minimum P-value method has the same level of power as 
compared to the others (Figure S1). The recently developed 
HMP method, which defines its test-statistics using the idea of 
Bayesian average and derives the asymptotic distribution based 
on the generalized central limit theorem, does not require the 
estimation of covariance as well. Its test-statistics is mainly driven 
by the small P-values, especially when the correlations are weak. 
Therefore, HMP tends to have similar levels of performance as 
the minimum P-value method under the settings of sparse signal 
and weak correlations, and it performs better than the Fisher-
types of statistics under such settings. However, different from 
the minimum P-value method that only focuses on the strongest 
signal, HMP also takes the P-values from other hypotheses into 
account. Therefore, it has better performance than the minimum 
P-value method and slightly worse performance than the Fisher-
types of statistics when both layers of omics data have weak but 
positively correlated effects (Figure S1).

Converging evidences suggest that epistasis within and 
between layers of omics data widely exists [40-42]. In our study, 
we started by considering the scenario where only main effects 
are associated with the outcome, followed by the scenario where 
only interaction effects present, and finally evaluated the situation 
where outcomes are related to both main and interaction effects. 
When analyzing the data, we considered three commonly used 
strategies, including only focusing on 1) main effects A1 2) the 
main effects and pairwise interactions between omics data A2, and 
3) the main effects and pairwise interactions within and between 
omics layers A3. We found that the minimum P-value and HMP 
methods are much more powerful than the Fisher-based and TPM 
methods. Consistent with our expectation, the Fisher-types of 
statistics that average information across all sub-tests suffer the 
most power loss when the signals are sparse. While the analytical 
strategy that best mimics the underlying disease model is most 
powerful for all methods, the minimum P-value and HMP methods 
with the A3 analytical strategy can achieve the best or close-to-
the-best performance. Even for the disease model with main effect 
only (model G+M) the power for the minimum P-value method 
with  strategy is only slightly worse than that from the A1 strategy. 
Therefore, we recommend to use the minimum P-value or HMP 
with A3 strategy when interaction effects are of interest.
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In practice, it is quite likely that only some layers of omics 
data are associated with the outcome. To evaluate their impact, 
we simulated three types of omics data with realistic correlations 
derived from the ovarian cancer dataset in the TCGA study [38]. 
Surprisingly, we found that the HMP method has slightly inflated 
type I error (type I error=0.057) under this setting, although it 
has well-controlled type I errors when only two layers of omics 
data are considered. It is not intuitively easy for us to explain this 
observation. We hypothesized that it is due to the small number of 
sub-tests considered. For HMP, the distribution for the combined 
P-value is approximated with the Landau distribution, and it 
becomes exact as the number of sub-hypotheses increases [11]. 
However, given only three tests, the approximation can be rough. 
Further investigations are needed to evaluate the impact of the 
number of tests for HMP. With regards to the power, our findings 
are quite consistent with what we have found. The Fisher-based 
methods (i.e., the Kost and the Omnibus-Fisher method) tend to 
be more powerful when more than one layers of omics data have 
effects, whereas the HMP and the TPM methods tend to perform 
better when only one layer of omics data are associated with the 
outcome. The performance of the minimum P-value method lies 
between that of the Fisher-based methods and the HMP method. 

While our simulation studies may not fully mimic the 
complex relationships among multi-omics data (e.g., the eQTL), 
our investigations have shed light on the efficiency of existing 
methods on association analysis using multi-omics data, and 
provided insights for practical applications. We recommend to use 
the minimum P-value method or HMP for association analyses, 
especially under the cases when interaction effects are of interest. 
However, when the signal is expected to be dense, the Fisher-based 
methods can be used instead. We would not recommend to use 
the TPM with a fixed truncation point, and a range of truncation 
values should be attempted for its best performance.
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