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Abstract

The hypothesis of data probability density distributions has many effects on the design of a
new statistical method. Based on the analysis of a group of real gene expression profiles,
this study reveal that the primary density distributions of the real profiles are normal/log-nor-
mal and t distributions, accounting for 80% and 19% respectively. According to these distri-
butions, we generated a series of simulation data to make a more comprehensive
assessment for a novel statistical method, maximal information coefficient (MIC). The
results show that MIC is not only in the top tier in the overall performance of identifying differ-
entially expressed genes, but also exhibits a better adaptability and an excellent noise
immunity in comparison with the existing methods.

1 Introduction

A gene expression profile can indicate whether a particular gene has been expressed, expressed
abundance, and the differentially expressed levels in different tissues, different development or
physiological states. It plays an important role in studying the characteristics of an organism
and its gene functions [1, 2]. A gene expression profile can also be used to identify differen-
tially expressed genes (DEGs), helping to discover the biological processes and dysfunctions of
the organism, and to understand the pathogenesis of diseases, the drug response and therapeu-
tic effects. Gene expression analysis overcomes the shortcomings yielded from single gene
analysis, and maximizes the integration of various biological information to comprehensively
analyze the expression and functions of multiple genes during a disease development [3-6].

It is an important challenge of statistical methodology to identify differentially expressed
genes from gene profiles [7]. In response to this challenge, many studies have proposed num-
bers of promising methods for gene expression analysis [5-28]. Maximal information coeffi-
cient (MIC) is a novel statistical method of data analysis [29]. We have successfully applied it
to genome-wide association studies, identifying differentially expressed genes and miRNAs,
and achieved good results [30-33]. In these studies, however, we just focused on the applica-
tion of MIC, lacked fully evaluation MIC in terms of performance. In addition, in order to
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discover knowledge from a dataset, we often need to assume the probability density distribu-
tion of the dataset. The distribution hypothesis extremely affects the design of a new data min-
ing method and the accuracy and interpretability of the results. So far a method used to
analyze gene expression profiles usually (or potentially) assume that the probability density of
the profiles is a normal distribution. Although the assumption is feasible in many cases, the
feasibility may be not enough. And, there may be other distributions involved in gene expres-
sion data besides the normal.

This study attempts to explore the probability density distributions on real gene expression
profiles. And, according to the real distributions, we generated a series of simulation datasets
and employed SAM, Limma, ROTS and DESeq2 as benchmarks of MIC to illustrate its overall
performance in identifying differentially expressed genes. Our experiments showed that the
primary probability density distributions of real gene expression profiles are normal/log-nor-
mal distribution (~80%) and t-distribution (~19%) and a few Cauchy distributions (~1%). The
simulation experiments on the four distributions reveal that MIC not only has the overall per-
formance of identifying differentially expressed genes at the first tier comparing with the exist-
ing methods, but also its adaptability, especially the noise immunity are better than the
existing methods, as well as its shorter runtime. Thus, MIC is an excellent method for identify-
ing differentially expressed genes.

The first major contribution of this study is to explore the probability density distributions
of real gene expression data, which might provide theoretical supports for an analysis of gene
expression in the future, and overcome the lack of distribution hypothesis for that the hypothe-
sis of probability distribution in current researches is usually just normal distribution. In addi-
tion to that the hypothesis of the probability distribution of a dataset might affect the design of
anew method, existing methods have some limitations, at least partly [34]. Therefore, continu-
ing to explore new methods for identifying differentially expressed genes is still an important
task in bioinformatics. The second major contribution of the study is to comprehensively ana-
lyze the performance of the novel statistical method MIC in identifying differentially expressed
genes on the real probability distributions, which could provide reference values for employing
MIC to identify differentially expressed genes or other analysis.

2 Material and methods
2.1 Material

2.1.1 Real gene expression profiles collection. All real profiles were obtained from the
gene expression omnibus (GEO) on NCBI [35]. The data were randomly downloaded from
GEO, by using the strategy ‘as many common species as possible’. There are totally 100 data-
sets with 20 species were collected in our study, shown in Table 1.

2.1.2 Simulation data. By the experiment of probability density analysis on real gene
expression data in Section 3.1, we got four distributions, that is, normal, log-normal, t (Stu-
dent) and Cauchy distribution. According to these distributions, a series of simulation datasets
were generated.

To generate normal distribution simulation data, the parameters used in work [36] and
[37] were employed. The parameters of three non-differentially and three differentially
expressed genes of normal distribution were cross-combined into a total of 9 groups of param-
eters. And, the other three distribution parameters are listed in Tables 2-4, where are 16
groups totally. Each group of parameters was repeatedly generated into 100 datasets, each of
which contains 6 cases and 6 controls, 10,000 genes (5% of which is 500 differentially expressed
genes). In this way, a total of 25 groups, i.e. 2,500 datasets, were obtained. Among log-normal,
t and Cauchy distributions, for each distribution, we generated one group of dataset with
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Table 1. Real gene expression profiles.

Sample Count
Arabidopsis thaliana 6
Arachis hypogaea 1
Citrus limonia 1
Citrus reticulata 2
Citrus sinensis 7
Danio rerio 1
Drosophila melanogaster 6
Glycine max 5
Homo sapiens 32
Mus musculus 16
Oryctolagus cuniculus 1
Oryza sativa 4
Phaseolus coccineus 1
Rattus norvegicus 7
Solanum lycopersicum 1
Staphylococcus aureus 2
Staphylococcus aureus subsp. aureus str. Newman 1
Triticum aestivum 3
Triticum turgidum subsp. durum 1
Zea mays 2

https://doi.org/10.1371/journal.pone.0219551.t001

probability density curve shape significantly different from the real data, while the other

groups is as close as possible to the real data.

2.1.3 Transformation of simulation data for DESeq2. DESeq2 is a method for RNA-seq
data analysis. RNA-seq data is a discrete count dataset. Since a gene expression profile is con-
tinuous, it is necessary to convert the profile into discrete type. The conventional approach is
to round off the expressed values into integers. The disadvantages of this approach include (1)
alot of information of the low expressed level genes will be lost; (2) the expressed values less

than 0 cannot be processed; (3) the data with large variance (e.g., Cauchy distribution) may
make DESeq2 fail. This study designed an algorithm (shown in Box 1) to make a transforma-
tion of the data to avoid the disadvantages.

Table 2. Parameters of log-normal distribution in simulation.

Group Non-differential expression Differential expression
Case Control Case Control
o o o o o o o 4
1 5 1.5 5 1.5 4.5 5 2
2 5 1.5 5 1.5 5 1 6 1.1
3 5 1.5 5 1.5 6 0.8 6.5 1.2
4 5.5 1.3 5.5 1.3 4.5 1 5 2
5 5.5 1.3 5.5 1.3 5 1 6 1.1
6 55 1.3 5.5 1.3 6 0.8 6.5 1.2
7 7 1 7 1 4.5 1 5 2
8 1 1 5 1 6 1.1
9 1 7 1 6 0.8 6.5 1.2
https://doi.org/10.1371/journal.pone.0219551.t1002
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Table 3. Parameters of t distribution in simulation.

Group Non-differential expression Differential expression
Case Control Case Control

df ncp df ncp df ncp df ncp
1 3 0 3 0 3 1 4 0
2 4 0 4 0 4 1 3 0
3 3 3 3 3 3 2 4 1
4 3 2 3 2 3 1 4 0
5 1.5 0 1.5 0 1.5 0 1.3 0.5

https://doi.org/10.1371/journal.pone.0219551.t003

Since a probability density curve is not deformed by scaling and translation, the algorithm
will not affect the distribution of the data, that is, it will not affect the results of identifying dif-
ferentially expressed genes of a method.

2.2 Methods

2.2.1 Maximal information coefficient. Maximal information coefficient was proposed
by David N. Reshef in 2011 to explore possible, undiscovered relationships between two vari-
ables [29]. It is a non-parametric statistical tool, thus, it can directly yield the degree of associa-
tion between the two variables without assuming a mathematical model between the variables.
So far, in a gene expression profile, there is no accepted mathematical model between sample
phenotype and gene expressed value, therefore, MIC is a good choice for gene expression data
analysis.

To calculate the MIC value, David N. Reshef et al. consider the bi-variable as points on a
plane and divide the points into x and y bins in the horizontal and vertical axis. Thus, a grid
with size of xy will be formed on the plane. MIC of dataset D with bi-variable can be defined as
[29]

MIC(D) = max {M(D)_,}, (1)
xy<B(n) R4
where, n represents the sample size, B(n) is the upper limit of the grid size (usually, w(1)<B
(n)<0(n'™%), 0<e<1), and M(D) is the characteristic matrix of D, which is defined by

I'(D, x,y)

M(D), =25V
(D) log min{x,y}’

(2)
I* is the mutual information between the two variables in D.

The pair of features, ’sample phenotype’” and ’gene expressed value’ in a gene profile, can be
considered as a bi-variable, so that the MIC value between the features can be calculated. Let
the profile contains N samples, each sample having L genes, the phenotype T = (t;,t,,- - -tn)

0, controls .
t = ) ), the gene expressed vector G = (81,82, - ,g1) "> where, g = (1,827 * “:gnj)>
, cases

Table 4. Parameters of Cauchy distribution in simulation.

Group Non-differential expression Differential expression
Case Control Case Control
u A u A u A u i
1 1000 10 1000 10 1000 10 950
2 100 5 100 5 100 5 95

https://doi.org/10.1371/journal.pone.0219551.t1004
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Box 1. Data transformation for DESeg2

for i < 1 to cnt /* cnt is the number of rows of dataset d */
doif cc = 1/* ccis a bool variable. cc = 1 represents Cauchy distribution,
and cc = 0 is the other distributions. */
then do if d[i] < -20/* ois the standard deviation of s */

then do remove d[i] /* remove the outlier */

else d[i] < d[i]*10
if test0(d) /* Function test0() is used to test there is any minus in d.

It returns true if exists. */
then do d + |min(d)| + 2 /* min(d) represents the minimum value in the dataset,
and +2 is used to reduce the count of ‘0”. */

for i — 1 to cnt

do round(d[i]) /* round off the values into integers */

gij represents the expressed value of the gene j in the i-th sample, then the mathematical model
between gene g; and its phenotype T can be simply described as a map

T =f(g)- (3)

Obviously, this is an abstraction that can represent any model. Therefore, regardless of the
model of real gene expression profiles, the association between genes and disease can be
inferred easily by MIC. The level of MIC value indicates the degree of an association between
the gene and the disease.

2.2.2 Benchmarks. For the purpose to evaluate the performance of MIC on identifying
differentially expressed genes, four existing methods, DESeq2, Limma, ROTS and SAM were
selected as the benchmarks in our experiments.

1. DESeq2. DESeq2 is an improved version of DESeq. DESeq performs analysis on massive
RNA-seq data using a negative binomial (NB) model with mean and variance linked by local
regression [20]. DESeq2 uses shrinkage estimators to achieve dispersion and fold change,
reducing type I errors. After a necessary transformation, a gene expression data can be ana-
lysed by DESEQ2.

2. Linear models for microarray. Limma supposes that gene expression data meets a linear
model [27]

E(y,) = Xo, (@)
and
var (y,) = Wgo*; (5)

where y, is the expressed vector, X is a design matrix, a, is a coefficient vector, and wgis a
known non-negative weight matrix.
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Intergenic differences can be represented as
B, = C'a, (6)

where C is the contrast matrix.
The linear model is fitted to the response variable to obtain an estimator s; of the coefficient
estimators o, and aﬁ. The contrast estimator is defined as ﬁ = CToZg, and its covariance matrix

estimator is
var (ﬁg) = C'V,Csl, (7)

where V, is an unscaled covariance matrix.

Limma’s hypothesis of B . and s; is to obtain a modified t-statistic

By
ty = :
Sg1 /Vgi

Vg; is the j-th diagonal element of CTVgC.

3. Reproducibility-optimized test statistic. Reproducibility-optimized test statistic
(ROTS) performs well in microarrays, massive RNA-seq data and mass spectrometry-based
proteomics data analysis [15, 28, 38].

ROTS maximizes the scaled reproducibility based on the parameter o = (o1, &) (a1 €[0,00),
,€1{0,1}) and the top list with size k [28],

R.(d,) — Ri(d,)

si(d,) ’ ©)

where si(d,,) is the estimator of standard deviation of the bootstrap distribution of the observed
reproducibility. Ri(d,) corresponds to the repeatability of the random vectors.

The method calculates the average repeatability of a permuted random dataset from the
sample. Repeatability calculation requires a statistic similar to a t-test

%, — 7l
d — g g
L (8) PR

(10)
where, x, and y, are the means of the genes g in the samples of groups x and y respectively, S
is a standard error.

4. Significant analysis of microarrays. For two independent gene samples with normal
distribution, the traditional t-test [39] can be represented as

t— & (11)
Vo+E
where, s, and s, are the variances of the gene expression g; and g, on different conditions. For
genes with low expressed level, s, and s, are usually tiny, producing a large ¢ from Eq (11),
leading to a misjudgement. To overcome this shortcoming, Tusher et al., Smyth and Broberg
proposed the methods significant analysis of microarrays (SAM), B-statistics, and samroc,
respectively [11, 14, 23].

SAM employs a method that is similar to t-statistics and permutation test to estimate the
false discovery rate [14], and mitigates the small variance problem involved in traditional t-test
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by adding a small positive constant so. SAM statistic is defined as

t~ &8 . (12)

s 2 $2
2 8
1y + ny + So

2.2.3 Description of the experiments. The experiments in this study were based on the
platform with Windows 7, 32-bit operating system, i5-3470@3.2GHz CPU, 4 GBs memory.
MIC was implemented by employed the function written in Matlab provided in work [40] (the
core of the code is written in C), and the benchmarks were implemented by using R language
functions provided by Bioconductor (V3.7). Except the parameter B (Bootstrap count) of
ROTS, all the parameters of the functions were used the defaults. In addition, all experiments
related to runtime were run in a single task (i.e., only the experimental program is running).
The real data were only used to the experiment for obtaining the probability density distribu-
tions of gene expression profiles, while the simulation data were used to the other experiments.

3 Results
3.1 Probability density distributions of real data

We plotted the probability density curves of the 100 real datasets, and calculated their means
and variances. Based on the shapes of the curves, the density distributions were firstly assumed
by artificial ways. Next, we tested the accuracy of the assumption by the following process: (1)
employ a function to generate a dataset with the assumed distribution, and adjust the function
parameters so that the probability density curve of the data is close to the assumed distribution
curve; (2) the mean and variance of the generated data are calculated and compared with the
real values. Our experiments showed that although the density curve shape of the generated
data with Weibull, gamma or chi-square distribution may be close to an assumed curve by
suitable parameters, the mean and/or variance of the generated data are far from the real data.
Finally, the experiment screened out four distributions as the probability density distributions
of real data (Table 5). The typical density curves are shown in Fig 1, while all the 100 curves are
shown in S1-5100 Figs.

3.2 Test bootstrap count for ROTS

ROTS uses Bootstrap sampling for statistical inference. The default Bootstrap count (parame-
ter B) in the R function of ROTS is 1000. Our experiments showed that the ROTS runtime is
proportional to B (see S101 Fig). At B = 1000, the runtime of a single dataset was 4.74 minutes.
To reduce unnecessary cost in runtime, we let ROTS analyse the group 1 simulation dataset of
the four distributions with several B values and calculated their average AUCs, respectively.
The results shown in Fig 2 indicate that the average AUC with normal distribution is most
affected by B, and the others are much less affected by B. When B>>20, the average AUC with
normal distribution hardly increases, while it decreases instead in log-normal distribution.

Table 5. Probability density distributions of real data.

Distribution Count
Log-normal 43
Normal 37
t 19
Cauchy 1

https://doi.org/10.1371/journal.pone.0219551.t1005
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Fig 1. Four typical density distributions of real data.

https://doi.org/10.1371/journal.pone.0219551.g001

Therefore, the parameter B = 20 was employed in the subsequent experiments of ROTS. It
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should be noted that B = 20 is not the optimal parameter of t and Cauchy distributions, but (1)
it is suboptimal, (2) the average AUCs of the two distributions are little affected by B, and (3)

the occurrence of the two distributions in real data are very low probabilities. Thus, the param-
eter B =20 of ROTS has few effects on the results.

3.3 Performance evaluation based on noise-free data

The 2,500 simulation datasets generated in Section 2.1.2 were analysed by MIC and its bench-
marks. The ROC curves were plotted based on the analysis results, and the AUCs of the curves
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Fig 2. Bootstrap-AUC curves. The curve on upper-left, upper-right, lower-left and lower-right has a normal, log-normal, t or Cauchy distribution respectively. The
Bootstrap counts of the 20 points are: 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, and 100, respectively.

https://doi.org/10.1371/journal.pone.0219551.9002

were calculated to characterize the abilities of identifying differentially expressed gene of the
methods. Then, based on the AUCs, the boxplots were drawn, which are shown in Figs 3-6.

The identification of differentially expressed genes is a typical binary classification. For a
binary-classification method, when its AUC is equal to 0.5, the prediction of the method is just
arandom guess and loses the predicting value; and the prediction is worse than a random
guess when AUC < 0.5. Therefore, for testing the performance of MIC further, we counted the
five methods on the four distributions when AUC < 0.5, respectively (Table 6).

3.4 Performance evaluation based on noisy data

A real gene expression profile is inevitably mixed with a great amount of noise [41], which
may lead the identifying method to yielding numerous false positives. The noise immunity is
one of the important performance indicators for a method used to identify differentially
expressed genes. This study simulated noisy expression data by adding white noise to the sim-
ulation data generated in Section 2.1.2. The noise intensity in the noisy data is represented by
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Fig 3. AUC boxplots on normal data ‘x’s are the means. Bidirectional arrows represent +1a.

https://doi.org/10.1371/journal.pone.0219551.g003

the signal-to-noise ratio (SNR). And, the larger SNR is, the lower noise is. In our experiments,
11 kinds of white noise with different intensity levels were added to each dataset, where the 11
noisy levels are SNRs of 0~10 with step 1. Based on the results of the experiments, the boxplots
of the methods on the distributions were produced on the model of Section 3.3, which are
shown in Figs 7-10.
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In order to explore the change of AUC with noise intensity, we also made linear fittings to
the noise-AUC points. There are some errors naturally in the fitted lines affected by the errors
of the methods. Thus, in our experiments, the fitted line was considered as a straight line
approximately while the slope of the line is within the range of +1.0x10~%. A horizontal noise-
AUC fitted line indicates that the method producing the line is almost free from the noise; the
line with a slope less than 0 represents the performance of the method is naturally affected by
the noise intensity, and on the contrary, the method with a slope greater than 0 may be abnor-
mal. Table 7 shows the counts of the noise-AUC fitted lines with a slope greater than 0, where
the counts of the approximate horizontal straight line were removed. The fitted lines of all the
methods on the four distributions are shown in S102-S121 Figs.

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 11/28


https://doi.org/10.1371/journal.pone.0219551.g004
https://doi.org/10.1371/journal.pone.0219551

@ PLOS | O N E Density distribution of gene expression profiles and evaluation of using maximal information coefficient

Student

© _| B — — T
() : \
1 1
— : ;
_:_ : ! |
I 1
I 1
I 1
N~ :
O 1 _I_I_ 1
1 —_—
—_—
1
1
1
:
1
O :
) .
< © | !
o |
0 _|
o

I I I I I
MIC DESeq2 Limma ROTS SAM

Fig 5. AUC boxplots on t data ‘x’s are the means. Bidirectional arrows represent +1o.

https://doi.org/10.1371/journal.pone.0219551.9005

3.5 Algorithm runtimes test

Although the algorithm runtime test could not accurately reflect the difference in speed perfor-
mance since the implementations of the methods are different, it is still possible to tell a sum-
mary distinction. Here, the five methods were employed to analyse the first simulation dataset
in the first group of each distribution, respectively. The runtimes of the methods were
recorded, which are shown in Table 8.

4 Discussions

Identification of differentially expressed genes is a binary classification problem in data min-
ing. To improve the performance of a binary classification method for expressed gene profiles
further, we constructed the model (3), where the sample phenotype T is the dependent variable
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and gene j (g;) is the independent variable. Based on this model, differentially expressed genes
can be screened by simply calculating the MIC values of all genes in the expression profile. The
calculation does not involve any parameter assumptions or estimations.

4.1 Probability density distributions of real gene expression profiles

By analysing 100 real expression datasets, it was found that the normal and log-normal distri-
butions account for up to 80% (37 normal distributions and 43 log-normal distributions, see
Table 5). Since the normal distribution and the log-normal distribution can be easily converted
to each other, it is feasible to assume that a gene expression profile is normal distribution in
existing studies. In addition to the two distributions, there are t distribution of 19% and Cau-
chy distribution of 1%, indicating that besides the normal distribution, the t and Cauchy
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distribution (at least the t distribution) need to be considered in a comprehensive study of
gene expression. Moreover, although the distributions of Weibull, gamma and chi-square are
also possible based on the density curves shape, it was found that either forms or the means
and variances of the curves simulated by the three distributions are far from the real data.
Thus, the three distributions are not likely to appear in the density distributions of real gene
expression profiles.

4.2 Performance of identifying DEGs by MIC on noise-free data

Since the Bootstrap used in ROTS will cost a lot of runtime, we tested the optimal Bootstrap
count (i.e., the parameter B of ROTS) for the method. Our experiments showed that B = 20 is
the best compromise case between the accuracy and runtime of ROTS for identifying
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differentially expressed genes, and the runtime has a good linear relationship with the B. All
experiments on ROTS were done based on this parameter.

The study used AUC as a characterization of the ability of identifying differentially
expressed genes for each method. The boxplots of the four distributions in Figs 3-6 show that
the identifying ability of MIC is significantly stronger than Limma and DESeq2 methods
(Limma is also significantly weaker than the other benchmarks). The identifying ability of
MIC in the normal distribution data is second only to that of ROTS (the AUC median is 6.19%
smaller), ranked no. 2; the AUC median in the log-normal distribution is slightly smaller than
that of ROTS and SAM (are smaller 3.57% and 1.52% respectively), ranked no. 3, and that in t
distribution is also slightly smaller than ROTS and SAM (are smaller 3.95% and 3.39% respec-
tively), ranked no. 3 too, while that in Cauchy distribution is significantly better than the four
benchmarks. In addition, an AUC variance can reflect the adaptability of a method to the data.
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Table 6. Counts of AUC < 0.5.
Distribution MIC DESeq2 Limma ROTS SAM
Normal 0 378 896 33 300
Log-Normal 0 141 438 0 1
t 0 0 490 0 0
Cauchy 0 44 73 0 0
Total 0 563 1897 33 301
Ratio (%) 0 22.52 75.88 1.32 12.04

Note: The counts come from the 2,500 simulation datasets, one for each.

https://doi.org/10.1371/journal.pone.0219551.t006
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Table 7. Counts of fitted lines with a slope greater than 0.

Distribution MIC DESeq2 Limma ROTS SAM
Normal 2 79 823 88 56
Log-Normal 0 38 0 8
t 0 0 100 3
Cauchy 0 47 12 50 24
Total 2 164 935 141 91
Ratio (%) 0.08 6.56 37.40 5.64 3.64
Note: The counts come from the 2,500 simulation datasets, one for each. And, the approximately horizontal lines have been removed.
https://doi.org/10.1371/journal.pone.0219551.t007
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Table 8. Algorithm runtimes (unit: second).

Distribution
MIC
Normal
Log-Normal
Student
Cauchy
Total

https://doi.org/10.1371/journal.pone.0219551.t008

Method
DESeq2 Limma ROTS SAM
0.72 6.37 0.30 9.59 1.06
0.60 6.39 0.41 9.08 1.46
0.89 5.36 0.28 9.08 1.06
0.71 9.00 0.34 9.06 1.13
2.92 27.11 1.34 36.81 4.71

A smaller AUC variance means that the method is more adaptable to the data, that is, the
method does not bring large fluctuations in its result caused by the overall change in expressed
levels. Figs 3-6 show that Limma has the smallest variance, and MIC is better than or equiva-
lent to the other three methods. Among the four distributions, any of methods has a distribu-
tion that its variance is weaker than the other distributions (MIC, ROTS and SAM are Cauchy,
DESeq2 and Limma are Normal). So far, we can conclude that the performance of identifying
differentially expressed genes by MIC on noise-free data is significantly better than that of
Limma and DESeq2, while it is almost same with ROTS and SAM. MIC is weaker than Limma
in terms of adaptability to changes in expressed levels, and is almost same with DESeq2,
ROTS, and SAM. The adaptabilities of all the methods to distributions are similar. However,
we could consider that the adaptabilities of MIC, ROTS and SAM are better than the other two
methods, because the possibility of density distribution of Cauchy in real data is significantly
lower than a normal distribution.

In addition, for a binary classifier, when AUC = 0.5, the method has no practical value,
while AUC<0.5 indicates that the method has serious defects. Fewer AUC < 0.5 indicates that
the method is more robust and adaptable to data. In the results of AUC < 0.5 shown in
Table 6, MIC does not exhibit the case of AUC < 0.5, which is significantly better than the
benchmarks.

Therefore, compared to the existing methods, MIC is in the first tier in the performance of
identifying differentially expressed genes, and it has stronger robust and higher data
adaptability.

4.3 Noise immunity of MIC in identifying differentially expressed genes

The noise in a gene expression profile is an important factor affecting the accuracy of an iden-
tifying method, especially for the genes with low expressed levels. In order to investigate the
noise immunity of MIC, we tested the identifying performance of MIC in a noisy environment
by adding white noise to a noise-free dataset. Our experiments used SNR to represent the
noise intensity in the data. The results (see Figs 7-10) show that the AUC medians of MIC in
the noisy data is significantly better than the benchmarks, while the overall variance is weaker
than the benchmarks. However, the change to the variance of MIC among the four distribu-
tions is greatly smaller than the benchmarks, and the variances of MIC on noisy data are simi-
lar to that on noise-free data. It means that the noise immunity of MIC is significantly better
than the benchmarks.

To further investigate the relationship between performance and noise intensity for a
method, we made linear fitting for the (1-SNR)-AUC scatter points. If a method has excellent
noise immunity, its fitted line should be approximately horizontal, and there are no (or almost
no) cases where the slopes of the lines are greater than 0. Table 7, the counts of the fitted line
with a slope greater than 0, show that the count of MIC is only 2, which is strikingly better
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than the benchmarks. S$102-S121 Figs also show that MIC is the only one of the methods has
no (1-SNR)-AUC (where AUC is a mean) fitted line with a slope greater than zero in all
distributions.

Thus, compared to the existing methods, the noise immunity of MIC shows an obvious
advantage.

4.4 Comparison of algorithm runtimes

Since the implementations of the methods are different, the runtime comparison can only be
rough. The runtimes shown in Table 8 indicate that the runtime of MIC is greatly longer than
Limma, slightly shorter than SAM, but significantly shorter than DESeq2 and ROTS. It shows
that MIC is overall faster than the most existing methods. The reason why Limma’s runtime is
the shortest among all methods is mainly because it assumes that the variables are linear rela-
tionship, which makes the computational complexity significantly smaller than the other
methods.

4.5 Advantages and disadvantages of MIC

MIC is a non-parametric statistical method with good noise immunity. It has better ability to
discover non-functional relations than the existing methods in exploring bivariate relations.
Furthermore, it has a good uniformity to function relations [29] (i.e., MIC can yield almost the
same value for any function relations). A gene expression profile has usually a lot of noise [41]
and the function relation between the phenotype and gene expressed levels is not clear, thus,
MIC is very suitable for analysis of gene expression data.

The deficiencies of MIC are mainly reflected in the fact that it rasterizes (i.e., discretizes)
the continuous gene expression data, which leads it to be an approximation method and
reduce its accuracy.

5 Conclusion

In summary, the result of the analysis of the real expression profiles suggested that the proba-
bility density distribution of a gene expression data may be normal, log-normal, t or Cauchy,
and is mostly normal or log-normal distribution (accounting for 80%). Due to the ease of con-
version between normal and log-normal distributions, we could assume the density distribu-
tion of a gene expression profile is normal in a simple analysis. However, for more accurate
analysis, at least a t-distribution (accounting for 19% in the real data) is needed besides a nor-
mal. In addition, the simulation experiments reveal that MIC is not weaker than the existing
methods (in the top tier) in the performance of identifying differentially expressed genes, and
it is superior to existing methods in adaptability and noise immunity (especially its noise
immunity). And, MIC has a shorter runtime. In conclusion, MIC has a good performance of
identifying differentially expressed genes, noise immunity and a shorter runtime. It is an excel-
lent method for identifying differentially expressed genes.

Supporting information
S1 Fig. Density of GSE26585.
(EPS)

S2 Fig. Density of GSE488.
(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 19/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s002
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

S3 Fig. Density of GSE100642.
(EPS)

S4 Fig. Density of GSE10072.
(EPS)

S5 Fig. Density of GSE103184.
(EPS)

S6 Fig. Density of GSE103430.
(EPS)

S7 Fig. Density of GSE106635.
(EPS)

S8 Fig. Density of GSE106912.
(EPS)

S9 Fig. Density of GSE110398.
(EPS)

$10 Fig. Density of GSE12196.
(EPS)

S11 Fig. Density of GSE12452.
(EPS)

$12 Fig. Density of GSE13220.
(EPS)

$13 Fig. Density of GSE13597.
(EPS)

S14 Fig. Density of GSE13911.
(EPS)

S$15 Fig. Density of GSE14304.
(EPS)

$16 Fig. Density of GSE16765.
(EPS)

$17 Fig. Density of GSE18608.
(EPS)

S18 Fig. Density of GSE20347.
(EPS)

$19 Fig. Density of GSE20466.
(EPS)

$20 Fig. Density of GSE20489.
(EPS)

$21 Fig. Density of GSE20586.
(EPS)

S22 Fig. Density of GSE21947.
(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019

20/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s009
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s010
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s011
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s013
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s014
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s015
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s016
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s017
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s018
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s019
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s020
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s021
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s022
https://doi.org/10.1371/journal.pone.0219551

@ PLOS | O N E Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$23 Fig. Density of GSE22356.
(EPS)

$24 Fig. Density of GSE22671.
(EPS)

$25 Fig. Density of GSE23400.
(EPS)

$26 Fig. Density of GSE24342.
(EPS)

$27 Fig. Density of GSE24988.
(EPS)

$28 Fig. Density of GSE25156.
(EPS)

$29 Fig. Density of GSE26623.
(EPS)

$30 Fig. Density of GSE2685.
(EPS)

$31 Fig. Density of GSE27114.
(EPS)

$32 Fig. Density of GSE29110.
(EPS)

$33 Fig. Density of GSE29633.
(EPS)

$34 Fig. Density of GSE3017.
(EPS)

$35 Fig. Density of GSE30502.
(EPS)

$36 Fig. Density of GSE31564.
(EPS)

$37 Fig. Density of GSE31738.
(EPS)

$38 Fig. Density of GSE32515.
(EPS)

$39 Fig. Density of GSE3268.
(EPS)

$40 Fig. Density of GSE33003.
(EPS)

$41 Fig. Density of GSE33373.
(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 21/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s023
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s024
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s025
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s026
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s027
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s028
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s029
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s030
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s031
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s032
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s033
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s034
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s035
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s036
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s037
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s038
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s039
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s040
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s041
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$42 Fig. Density of GSE33459.
(EPS)

$43 Fig. Density of GSE33463.
(EPS)

$44 Fig. Density of GSE33672.
(EPS)

$45 Fig. Density of GSE34400.
(EPS)

$46 Fig. Density of GSE34667.
(EPS)

$47 Fig. Density of GSE34872.
(EPS)

$48 Fig. Density of GSE3494.
(EPS)

$49 Fig. Density of GSE3519.
(EPS)

S50 Fig. Density of GSE35240.
(EPS)

S51 Fig. Density of GSE37404.
(EPS)

$52 Fig. Density of GSE37902.
(EPS)

$53 Fig. Density of GSE38531.
(EPS)

S$54 Fig. Density of GSE38783.
(EPS)

$55 Fig. Density of GSE39549.
(EPS)

$56 Fig. Density of GSE41221.
(EPS)

$57 Fig. Density of GSE46727.
(EPS)

$58 Fig. Density of GSE46728.
(EPS)

$59 Fig. Density of GSE47406.
(EPS)

$60 Fig. Density of GSE48964.
(EPS)

S61 Fig. Density of GSE49382.
(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019

22/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s042
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s043
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s044
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s045
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s046
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s047
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s048
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s049
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s050
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s051
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s052
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s053
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s054
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s055
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s056
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s057
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s058
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s059
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s060
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s061
https://doi.org/10.1371/journal.pone.0219551

@ PLOS | O N E Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$62 Fig. Density of GSE49486.
(EPS)

$63 Fig. Density of GSE50604.
(EPS)

$64 Fig. Density of GSE5281.
(EPS)

$65 Fig. Density of GSE53122.
(EPS)

$66 Fig. Density of GSE54129.
(EPS)

S67 Fig. Density of GSE54216.
(EPS)

S68 Fig. Density of GSE54350.
(EPS)

$69 Fig. Density of GSE54917.
(EPS)

$70 Fig. Density of GSE55503.
(EPS)

$71 Fig. Density of GSE57002.
(EPS)

$72 Fig. Density of GSE5859.
(EPS)

$73 Fig. Density of GSE61140.
(EPS)

$74 Fig. Density of GSE62598.
(EPS)

§75 Fig. Density of GSE6414.
(EPS)

$76 Fig. Density of GSE64670.
(EPS)

$77 Fig. Density of GSE64718.
(EPS)

$78 Fig. Density of GSE65517.
(EPS)

$79 Fig. Density of GSE6720.
(EPS)

$80 Fig. Density of GSE67376.
(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 23/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s062
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s063
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s064
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s065
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s066
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s067
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s068
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s069
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s070
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s071
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s072
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s073
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s074
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s075
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s076
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s077
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s078
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s079
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s080
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$81 Fig. Density of GSE67492.
(EPS)

$82 Fig. Density of GSE67865.
(EPS)

$83 Fig. Density of GSE68918.
(EPS)

S84 Fig. Density of GSE7124.
(EPS)

$85 Fig. Density of GSE71868.
(EPS)

$86 Fig. Density of GSE7197.
(EPS)

S87 Fig. Density of GSE75037.
(EPS)

$88 Fig. Density of GSE7511.
(EPS)

$89 Fig. Density of GSE7567.
(EPS)

$90 Fig. Density of GSE7592.
(EPS)

$91 Fig. Density of GSE7670.
(EPS)

$92 Fig. Density of GSE7881.
(EPS)

$93 Fig. Density of GSE79973.
(EPS)

$94 Fig. Density of GSE83077.
(EPS)

$95 Fig. Density of GSE8498.
(EPS)

$96 Fig. Density of GSE9687.
(EPS)

$97 Fig. Density of GSE9820.
(EPS)

$98 Fig. Density of GSE98634.
(EPS)

$99 Fig. Density of GSE99295.
(EPS)

$100 Fig. Density of GSE48200.

(EPS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019

24/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s081
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s082
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s083
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s084
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s085
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s086
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s087
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s088
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s089
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s090
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s091
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s092
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s093
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s094
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s095
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s096
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s097
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s098
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s099
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s100
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$101 Fig. Bootstraps-Elapse of ROTS.
(TIF)

$102 Fig. Average fitted line on Normal for MIC.
(TIF)

$103 Fig. Average fitted line on Normal for DESeq2.
(TIF)

$104 Fig. Average fitted line on Normal for Limma.
(TIF)

$105 Fig. Average fitted line on Normal for ROTS.
(TIF)

$106 Fig. Average fitted line on Normal for SAM.
(TIF)

$107 Fig. Average fitted line on Log-Normal for MIC.
(TIF)

$108 Fig. Average fitted line on Log-Normal for DESeq2.
(TIF)

$109 Fig. Average fitted line on Log-Normal for Limma.
(TIF)

$110 Fig. Average fitted line on Log-Normal for ROTS.
(TIF)

S111 Fig. Average fitted line on Log-Normal for SAM.
(TIF)

S112 Fig. Average fitted line on Student for MIC.
(TIF)

$113 Fig. Average fitted line on Student for DESeq?2.
(TIF)

S$114 Fig. Average fitted line on Student for Limma.
(TIF)

S115 Fig. Average fitted line on Student for ROTS.
(TIF)

S116 Fig. Average fitted line on Student for SAM.
(TIF)

$117 Fig. Average fitted line on Cauchy for MIC.
(TIF)

S118 Fig. Average fitted line on Cauchy for DESeq2.
(TIF)

S119 Fig. Average fitted line on Cauchy for Limma.
(TIF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 25/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s101
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s102
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s103
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s104
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s105
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s106
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s107
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s108
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s109
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s110
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s111
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s112
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s113
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s114
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s115
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s116
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s117
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s118
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s119
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

$120 Fig. Average fitted line on Cauchy for ROTS.
(TIF)

$121 Fig. Average fitted line on Cauchy for SAM.
(TIF)

S1 File. GEO Accession Numbers.pdf.
(PDF)

Author Contributions

Conceptualization: Han-Ming Liu.

Data curation: Han-Ming Liu, Dan Yang, Zhao-Fa Liu.
Formal analysis: Han-Ming Liu.

Investigation: Dan Yang.

Methodology: Sheng-Zhou Hu.

Project administration: Han-Ming Liu.

Software: Han-Ming Liu, Zhao-Fa Liu, Sheng-Zhou Hu, Xian-Wen He.
Validation: Shen-Hai Yan, Xian-Wen He.
Visualization: Dan Yang.

Writing - original draft: Han-Ming Liu.

Writing - review & editing: Han-Ming Liu.

References

1. Velculescu VE, Zhang L, Vogelstein B, Kinzler KW. Serial Analysis of Gene Expression. Science. 1995;
270(5235):484-7. https://doi.org/10.1126/science.270.5235.484 PMID: 7570003

2. Brown PO, Botstein D. Exploring the new world of the genome with DNA microarrays. Nature Genetics.
1999; 21:33-7. https://doi.org/10.1038/4462 PMID: 9915498

3. Xiang CC, Chen Y. cDNA microarray technology and its applications. Biotechnology Advances. 2000;
18(1):35—46. PMID: 14538118

4. Heller G, Zielinski CC, Zochbauermuller S. Lung cancer: From single-gene methylation to methylome
profiling. Cancer and Metastasis Reviews. 2010; 29(1):95-107. hitps://doi.org/10.1007/s10555-010-
9203-x PMID: 20099008

5. DerisiJL, Penland L, Brown PO, Bittner ML, Meltzer PS, Ray M, et al. Use of a cDNA microarray to ana-
lyse gene expression patterns in human cancer. Nature Genetics. 1996; 14(4):457—60. https://doi.org/
10.1038/ng1296-457 PMID: 8944026

6. Ideker T, ThorssonV, Siegel AF, Hood LE. Testing for differentially-expressed genes by maximum-like-
lihood analysis of microarray data. Journal of Computational Biology. 2000; 7(6):805—17. https://doi.
org/10.1089/10665270050514945 PMID: 11382363

7. Robinson MD, Mccarthy DJ, Smyth GK. edgeR: a Bioconductor package for differential expression
analysis of digital gene expression data. Bioinformatics. 2010; 26(1):139—-40. https://doi.org/10.1093/
bioinformatics/btp616 PMID: 19910308

8. SchenaM, Shalon D, Davis RW, Brown PO. Quantitative Monitoring of Gene Expression Patterns with
a Complementary DNA Microarray. Science. 1995; 270(5235):467-70. https://doi.org/10.1126/science.
270.5235.467 PMID: 7569999

9. Newton MA, Kendziorski C, Richmond C, Blattner FR, Tsui K. On differential variability of expression
ratios: improving statistical inference about gene expression changes from microarray data. Journal of
Computational Biology. 2001; 8(1):37-52. https://doi.org/10.1089/106652701300099074 PMID:
11339905

10. Lonnstedt |. Replicated microarray data. Statistica Sinica. 2001; 12(1):31-46.

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 26/28


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s120
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s121
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0219551.s122
https://doi.org/10.1126/science.270.5235.484
http://www.ncbi.nlm.nih.gov/pubmed/7570003
https://doi.org/10.1038/4462
http://www.ncbi.nlm.nih.gov/pubmed/9915498
http://www.ncbi.nlm.nih.gov/pubmed/14538118
https://doi.org/10.1007/s10555-010-9203-x
https://doi.org/10.1007/s10555-010-9203-x
http://www.ncbi.nlm.nih.gov/pubmed/20099008
https://doi.org/10.1038/ng1296-457
https://doi.org/10.1038/ng1296-457
http://www.ncbi.nlm.nih.gov/pubmed/8944026
https://doi.org/10.1089/10665270050514945
https://doi.org/10.1089/10665270050514945
http://www.ncbi.nlm.nih.gov/pubmed/11382363
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
http://www.ncbi.nlm.nih.gov/pubmed/19910308
https://doi.org/10.1126/science.270.5235.467
https://doi.org/10.1126/science.270.5235.467
http://www.ncbi.nlm.nih.gov/pubmed/7569999
https://doi.org/10.1089/106652701300099074
http://www.ncbi.nlm.nih.gov/pubmed/11339905
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.
24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Smyth GK. Linear Models and Empirical Bayes Methods for Assessing Differential Expression in Micro-
array Experiments. Statistical Applications in Genetics and Molecular Biology. 2004; 3(1):1-28.

Dudoit S, Yang YEH, Callow MJ, Speed TP. Statistical methods for identifying differentially expressed
genes in replicated cDNA microarray experiments. Statistica Sinica. 2002; 12(1).

Zhao'Y, Pan W. Modified nonparametric approaches to detecting differentially expressed genes in repli-
cated microarray experiments. Bioinformatics. 2003; 19(9):1046-54. https://doi.org/10.1093/
bioinformatics/btf879 PMID: 12801864

Tusher VG, Tibshirani R, Chu G. Significance analysis of microarrays applied to the ionizing radiation
response. Proceedings of the National Academy of Sciences of the United States of America. 2001; 98
(9):5116-21. https://doi.org/10.1073/pnas.091062498 PMID: 11309499

Elo LL, Filen S, Lahesmaa R, Aittokallio T. Reproducibility-Optimized Test Statistic for Ranking Genes
in Microarray Studies. IEEE/ACM Transactions on Computational Biology and Bioinformatics. 2008; 5
(3):423-31. https://doi.org/10.1109/tcbb.2007.1078 PMID: 18670045

Baldi P, Long AD. A Bayesian framework for the analysis of microarray expression data: regularized t
-test and statistical inferences of gene changes. Bioinformatics. 2001; 17(6):509—-19. https://doi.org/10.
1093/bioinformatics/17.6.509 PMID: 11395427

Albrecht U, Bowman KD. Gene expression in Citrus sinensis (L.) Osbeck following infection with the
bacterial pathogen Candidatus Liberibacter asiaticus causing Huanglongbing in Florida. Plant Science.
2008; 175(3):291-306.

Breitling R, Armengaud P, Amtmann A, Herzyk P. Rank products: a simple, yet powerful, new method
to detect differentially regulated genes in replicated microarray experiments . FEBS Letters. 2004; 573
(1):83-92.

Kim J, Sagaram US, Burns JK, Li J, Wang N. Response of Sweet Orange (Citrus sinensis) to ‘Candida-
tus Liberibacter asiaticus’ Infection: Microscopy and Microarray Analyses. Phytopathology. 2009; 99
(1):50-7. https://doi.org/10.1094/PHYTO-99-1-0050 PMID: 19055434

Anders S, Huber W. Differential expression analysis for sequence count data. Genome Biology. 2010;
11(10):1-12.

Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for RNA-seq data
with DESeq2. Genome Biology. 2014; 15(12):550—. https://doi.org/10.1186/s13059-014-0550-8 PMID:
25516281

Ml Love, Anders S, Huber W. Differential analysis of count data"Cthe deseq2 package. Genome Biol.
2014; 15(1).

Broberg P. Ranking genes with respect to differential expression. Genome Biology. 2002; 3(9):1-23.

Efron B, Tibshirani R, Storey JD, Tusher VG. Empirical Bayes Analysis of a Microarray Experiment.
Journal of the American Statistical Association. 2001; 96(456):1151-60.

Leek JT, Storey JD. Capturing heterogeneity in gene expression studies by surrogate variable analysis.
PLOS Genetics. 2005; 3(9):1724-35.

Aguirregamboa R, Gomezrueda H, Martinezledesma E, Martineztorteya A, Chacollahuaringa R, Rodri-
guezbarrientos A, et al. SurvExpress: An Online Biomarker Validation Tool and Database for Cancer
Gene Expression Data Using Survival Analysis. PLOS ONE. 2013; 8(9).

Smyth GK. limma: Linear Models for Microarray Data. Bioinformatics & Computational Biology Solu-
tions Using R & Bioconductor. 2005:397—-420.

Seyednasrollah F, Rantanen K, Jaakkola PM, Elo LL. ROTS: reproducible RNA-seq biomarker detector
—prognostic markers for clear cell renal cell cancer. Nucleic Acids Research. 2016; 44(1):1. https://doi.
org/10.1093/nar/gkv1289

Reshef DN, Reshef YA, Finucane HK, Grossman SR, McVean G, Turnbaugh PJ, et al. Detecting novel
associations in large data sets. science. 2011; 334(6062):1518—-24. https://doi.org/10.1126/science.
1205438 PMID: 22174245

LiuH, Rao N, Yang D, Yang L, Li Y, Ou F. A novel method for identifying SNP disease association
based on maximal information coefficient. Genetics and Molecular Research. 2014; 13(4):10863-77.
https://doi.org/10.4238/2014.December.19.7 PMID: 25526206

LiuH, Rao N, Yang D, Yang L, Li Y, Guo F. Modified bagging of maximal information coefficient for
genome-wide identification. Int J Data Mining and Bioinformatics. 2016; 14(3):229-57.

Han-Ming L, Nini R, YiL, Heng-Rong L, Yang Y, Feng Y. Maximal information coefficient on identifying
differentially expressed genes of permanent atrial fibrillation. Chinese Journal of Biomedical Engineer-
ing. 2015; 34(1):8—16.

Hanming L, Dan Y. The application of maximum information coefficient in the identification of miRNA
expression differences in valvular heart disease. China Sciencepaper. 2017; 12(6):707—-11.

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 27/28


https://doi.org/10.1093/bioinformatics/btf879
https://doi.org/10.1093/bioinformatics/btf879
http://www.ncbi.nlm.nih.gov/pubmed/12801864
https://doi.org/10.1073/pnas.091062498
http://www.ncbi.nlm.nih.gov/pubmed/11309499
https://doi.org/10.1109/tcbb.2007.1078
http://www.ncbi.nlm.nih.gov/pubmed/18670045
https://doi.org/10.1093/bioinformatics/17.6.509
https://doi.org/10.1093/bioinformatics/17.6.509
http://www.ncbi.nlm.nih.gov/pubmed/11395427
https://doi.org/10.1094/PHYTO-99-1-0050
http://www.ncbi.nlm.nih.gov/pubmed/19055434
https://doi.org/10.1186/s13059-014-0550-8
http://www.ncbi.nlm.nih.gov/pubmed/25516281
https://doi.org/10.1093/nar/gkv1289
https://doi.org/10.1093/nar/gkv1289
https://doi.org/10.1126/science.1205438
https://doi.org/10.1126/science.1205438
http://www.ncbi.nlm.nih.gov/pubmed/22174245
https://doi.org/10.4238/2014.December.19.7
http://www.ncbi.nlm.nih.gov/pubmed/25526206
https://doi.org/10.1371/journal.pone.0219551

@ PLOS|ONE

Density distribution of gene expression profiles and evaluation of using maximal information coefficient

34.

35.

36.

37.

38.

39.
40.

41.

Jain N, Thatte J, Braciale TJ, Ley K, Oconnell M, Lee JK. Local-pooled-error test for identifying differen-
tially expressed genes with a small number of replicated microarrays. Bioinformatics. 2003; 19
(15):1945-51. https://doi.org/10.1093/bicinformatics/btg264 PMID: 14555628

Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression and hybridization
array data repository. Nucleic acids research. 2002; 30(1):207-10. https://doi.org/10.1093/nar/30.1.207
PMID: 11752295

Kim SY, Lee JW, Sohn IS. Comparison of various statistical methods for identifying differential gene
expression in replicated microarray data. Statistical Methods in Medical Research. 2006; 15(1):3—20.
https://doi.org/10.1191/0962280206sm4230a PMID: 16477945

Wen-Juan S, Chun-Fa T, Ji-Sen S. Comparison of statistical methods for detecting differential expres-
sion in microarray data. Hereditas. 2008; 30(12):1640—6. PMID: 19073583

Pursiheimo A, Vehmas AP, Afzal S, Suomi T, Chand T, Strauss L, et al. Optimization of statistical meth-
ods impact on quantitative proteomics data. Journal of Proteome Research. 2015; 14(10):4118-26.
https://doi.org/10.1021/acs.jproteome.5b00183 PMID: 26321463

Student. The probable error of a mean. Biometrika. 1908; 6(1):33-57.

Albanese D, Filosi M, Visintainer R, Riccadonna S, Jurman G, Furlanello C. minerva and minepy: a C
engine for the MINE suite and its R, Python and MATLAB wrappers. Bioinformatics. 2013; 29(3):407-8.
https://doi.org/10.1093/bioinformatics/bts707 PMID: 23242262

Raser JM, Oshea EK. Noise in gene expression: origins, consequences, and control. Science. 2005;
309(5743):2010-3. https://doi.org/10.1126/science.1105891 PMID: 16179466

PLOS ONE | https://doi.org/10.1371/journal.pone.0219551 July 17,2019 28/28


https://doi.org/10.1093/bioinformatics/btg264
http://www.ncbi.nlm.nih.gov/pubmed/14555628
https://doi.org/10.1093/nar/30.1.207
http://www.ncbi.nlm.nih.gov/pubmed/11752295
https://doi.org/10.1191/0962280206sm423oa
http://www.ncbi.nlm.nih.gov/pubmed/16477945
http://www.ncbi.nlm.nih.gov/pubmed/19073583
https://doi.org/10.1021/acs.jproteome.5b00183
http://www.ncbi.nlm.nih.gov/pubmed/26321463
https://doi.org/10.1093/bioinformatics/bts707
http://www.ncbi.nlm.nih.gov/pubmed/23242262
https://doi.org/10.1126/science.1105891
http://www.ncbi.nlm.nih.gov/pubmed/16179466
https://doi.org/10.1371/journal.pone.0219551

