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Abstract: RNA-Seq has gained immense popularity and emerged as a potential
high-throughput platform for identification of differentially expressed (DE)
genes. In order to estimate the nature of differential genes, it is important to
find statistical distributional property of the data. In the present study we
propose a new hybrid model (NBPFCROS) based on parametric and
non-parametric statistic for the identification of DE genes. The NBP model
based on Compound mixture of Poisson–gamma distribution is used as a
parametric statistic and Fold change value derived using fold change rank
ordering statistics (FCROS) algorithm is used as non-parametric statistic,
we used a gene significance score pi-value by combining expression fold
change (f value) and statistical significance (p-value). The performance of
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A hybrid method for differentially expressed genes identification
NBPFCROS model was compared with NBP, FCROS, edgeR and DESeq2
models using synthetic and real RNA-Seq datasets and it was found that the
developed model NBPFCROS is more robust as compared to the other models.
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1

Introduction

A transcriptome is a collection of all the transcripts in a genome that includes both
protein coding mRNAs and noncoding RNAs. Understanding transcriptomes is essential
for interpreting the functional elements of the genome and revealing the molecular
constituents of cells and tissues, and to understand development of a disease (Wang et al.,
2009). In transcriptomic data analysis it is important to accurately quantify the abundance
of each transcript within different cells and tissues at different time points and to correlate
the changes in gene expression with different time points or conditions. Gene expression
is an outcome that uses genetic instructions to produce gene products called proteins that
perform essential functions as enzymes, hormones etc. Pathogenic infection from
microorganisms can be obtained by measuring the level of gene expression in a cell,
tissue or organism. Gene expression can provide valuable information such as infection
from microorganisms, determine susceptibility to a particular disease or test whether a
particular organism is resistant to specific drug. RNA sequencing (RNA-Seq) and
microarrays are the main techniques for measuring gene expression and its regulation.
Microarrays analysis was most preferred method during 1990s, it requires knowledge of
the target sequences to construct the probe sets, therefore expression measures cannot
extend beyond this probe set. Also it generates continuous measurement of expression
levels, but the RNA-Seq method has a low background noise with high resolution which
allows for a single base resolution and generates digital gene expression counts. Hence,
over the period of time, microarrays became obsolete and were replaced by RNA-Seq for
the discovery of novel transcripts, differential expression (DE) analysis, splice variant
detection etc, with improved accuracy and sensitivity (Mortazavi et al., 2008;
Nagalakshmi et al., 2008; Wang et al., 2008; Wang et al., 2009). In RNA-Seq analysis,
the read counts data is represented as a matrix, with rows representing genes and columns
representing samples from one or more populations. Here the main objective is to detect
differentially expressed genes under different environmental conditions for a given trait.
Data pre-processing, statistical analysis and functional interpretation are three major
steps of analysis for both microarray and RNA-Seq. Pre-processing of microarray data
normally includes background correction, normalisation and summation, while
pre-processing of RNA-Seq data includes artefact filtering and short read
alignment/assembly. Normalisation and filtering are the common method to reduce data
variability and data dimensionality. Many of the methods used for microarray data
analysis, including the method of identifying genes with fold changes are known to be
unreliable because in such methods the statistical variability of the data is not properly
addressed. Methods for detecting differential expression in microarray data are
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well-established but generally not applicable to RNA-Seq data. Recently, several
additional methods have been developed specifically for RNA-Seq datasets however
some of the statistical methods developed for microarray data analysis can also be
applied to RNA-Seq data with or without modifications. From a technological
perspective, results obtained from next generation sequencing (NGS) technologies and
microarrays agree strongly (Cloonan et al., 2008; Mortazavi et al., 2008; Sultan et al.,
2008; Fu et al., 2009; Bradford et al., 2010). However the difficulties associated with the
generation of data through NGS technique poses an in-built challenge to accurate analysis
and interpretation of DE genes. RNA-Seq data analysis requires a number of issues to be
taken care of which includes, biases introduced during library preparation, biases of
abundance measures due to the effects of nucleotide composition and the varying length
of genes or transcripts, the difference in total number of mapped reads for different
samples. Thus the observed mapped read counts cannot be directly compared between
samples. In order to handle these issues use of statistical hypothesis tests are required to
model RNA-Seq count data for detection of significant DE genes across samples. There
have been a number of statistical approaches proposed for differential expression analysis
of RNA-Seq data, and they are broadly classified into two categories: parametric and
nonparametric.
Initial parametric approaches included technical replicates only, the distribution of
feature counts across technical replicates was reported to fit well to a Poisson distribution
where the variance was equal to the mean (Marioni et al., 2008), it was found that the
Poisson distribution underestimates the variation seen in the data. The frequencies of
RNA-Seq reads cannot be adequately modelled by the most commonly used distributions
such as normal, binomial or Poisson (Di et al., 2011). Biological replicates are more
variable than technical replicates (McIntyre et al., 2011). In RNA-Seq analysis the
number of genes is far greater than the number of samples. Another dimension often
present in RNA-Seq datasets is the number of replicates. Since the RNA-Seq protocol is
highly reproducible technical replicates are usually not necessary, and instead 2 to 3
biological replicates are used to reduce the degree of noise resulting from biological
variations (Fang et al., 2012). Negative Binomial (NB) distribution because of its ability
to deal with the over dispersion problem was proposed. Several authors (Robinson
and Smyth, 2007; Anders and Huber, 2010; Hardcastle and Kelly, 2010) have
proposed differential expression methods based on the negative binomial distribution.
For two-group comparisons, the NB distribution permits an exact test (Robinson and
Smyth, 2007). Different tools, such as DEGSeq (Wang et al., 2010), DEseq (Anders
and Huber, 2010), edgeR (Robinson et al., 2010), baySeq (Hardcastle and Kelly, 2010),
PoissonSeq (Li et al., 2012) and gfold (Feng et al., 2012) etc, have been developed to
enable differential expression analysis of RNA-Seq data. However, the results obtained
from these tools are usually different depending on the differential expression algorithms
used. If the distributional assumption holds, these parametric approaches are generally
very efficient and reliable. But, violation of distributional assumptions or a poor
estimation of parameters often leads to unreliable results. Therefore models based on
non-parametric methods have also been developed to counter these problems. It has been
shown that the Fold Change based selection of genes gives better results regardless of the
technology being used (Guo et al., 2006; Shi et al., 2005; Chen et al., 2007), NOISeq
(Tarazona et al., 2011) is a data-adaptive nonparametric approach that uses both log fold
changes and absolute expression differences as test statistics. Li and Tibshirani (2013)
proposed that existing methods based on Poisson or negative-binomial models are useful
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but can be heavily influenced by ‘outliers’ in the data, they introduced Samseq a simple,
non-parametric method with resampling which also accounts for the difference in
sequencing depths. This method utilises a Wilcoxon statistic and was more robust than
parametric methods in such situations. LFCseq (Lin et al., 2014) proposed a new
data-driven nonparametric approach for differential expression analysis of RNA-Seq
data. It was based on a similar principle to NOISeq but uses only log fold changes as the
test statistic. DE analysis of RNA-Seq data is still developing and new methods are
continuously being introduced but to date, there is no general consensus that, which
method performs best in a given situation. Given the limitation of small sample sizes in
RNA-Seq experiments, robust test procedures which safeguard against the departure of
model assumptions are necessary (Fang et al., 2012). Concepts of compound distribution
(Di et al., 2011; Anjum et al., 2016) have also been applied to account for the variability
from different sources of variation, for identification of differentially expressed genes.
In this paper we discuss a new approach for the development of a hybrid model, based on
parametric and nonparametric statistic for the identification of DE genes. This hybrid
model accounts for the extra variation in the analysis of sequence count data and derive a
score on the basis of which the identified DE genes are ranked.

2

Materials and methods

First step in the development of hybrid model for gene ranking was to select an
appropriate model from parametric and non-parametric statistic and combined them using
the approach given by Becker (1994). For this the negative binomial power (NBP)
model given by Di et al. (2011) was selected from the parametric statistic and Fold
change rank ordering statistics (FCROS) given by Dembele and Kastner (2014) was
selected from the nonparametric statistic. In a parametric approach for an RNA-Seq
dataset, the expression level of a specific gene, say Yij(k), is the total number of short
sequences which gets aligned to the ith gene in jth replication and kth sample. Di et al.
(2011) applied a generalised negative binomial distribution, known as the negative
binomial power (NBP) distribution, to test for differential expression. The NBP
distribution is a gamma mixture of Poisson distributions; if Y|Z ~ POI(Z) and Z ~  with
mean μ and variance φμ α , then marginal distribution of Y is NBP, by assuming NBP as
distributed read counts, Var(Yij( k ) ) = μi( k ) (1 + φ ( μi( k ) )α −1 . NBP method extends an exact test
proposed by Robinson and Smyth (2007, 2008) and allows for flexible mean and variance
relationship. Here the dispersion parameter Φ is common to all genes; the mean-variance
relationship is given flexibility via the power parameter α. The NBP test is constructed as
an exact test based on the NBP assumption. The null hypothesis for NBP is λ1g = λ2 g .
Where λ1g and λ2 g are expression of gth gene in 1st and 2nd samples, respectively. The
probability of statistical significance (p-value) for each gene is obtained using this model.
The fold change (FC) which is calculated as a ratio of averages from control and test
sample values was initially used by (Schena et al., 1995; Lockhart et al., 1996). FC is a
basic and widely used measure for identifying differential gene expression; however, the
raw fold change is unreliable as it does not take into account the uncertainty of gene
expression measures under the two conditions being compared. Thus, other statistical
methods were introduced. Researchers have also attempted to combine the fold change
and p-value to provide more meaningful results by setting cutoffs for both the fold
change and p-value (Cui and Churchill, 2003; Xiao et al., 2014). It has been shown
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that the FC based selection of genes leads to more reproducible results irrespective
of the technology that is used (Guo et al., 2006; Shi et al., 2005; Chen et al., 2007).
Dembele and Kastner (2014) gave a new FC-based method Fold change rank ordering
statistics (FCROS) and showed that it is powerful to detect DE genes in noisy datasets.
This method assigns a ranking statistic to DE genes. Let there be expression values
obtained for y genes in x1 control and x2 test samples, then pairwise comparisons for
k ≤ x1x2 are performed and FCs for each gene (test/control) is computed. In each
comparison, the y FCs obtained are sorted in increasing order and their corresponding
ranks are associated to genes. Hence, for gene i, we get a vector ri = (ri1 ri2 … rij … , rik)
where rij corresponds to the rank of the FC for gene i in the j comparison (j = 1, …, k).
Robust average of rank for each gene (i = 1, 2, …, y) using its k values was calculated
and FCROS algorithm (Dembele and Kastner, 2014), was applied to obtain f-values
which are the probabilities associated to fold change ranks ordering statistics. An f-value
close to 0.5 corresponds to an equally expressed (EE) gene, while down- and
up-regulated genes have f-values close to 0 and 1, respectively.
Following, Xiao et al. (2014) who provided a new ranking method for genes based on
combination of expression change (f-value) and statistical significance (p-value) for
microarray data. A new hybrid model (NBPFCROS) for ranking genes based on
non-parametric statistics f-value derived through FCROS model and the statistical
significance p value obtained through parametric NBP model for RNA-Seq data has been
proposed as:


π i = −  log


fi
P 
+ log i  c
1 − fi
1 − Pi 

where
2
c = 4π

7

fi: scaled fold rank order statistics from FCROS method for ith gene
pi: p-value derived through NBP method for ith gene.
To bring f-value and p-value on same scale following transformation was made.
f i = 2 × (abs(f i .value-0.5))

Pre-processing or normalisation of the dataset has been done by random sampling of
counts to make the effective library sizes equal (column sums of the count matrix
multiplied by normalisation factors) as suggested by Robinson and Oshlack (2010). The
NBPFCROS model gives a score πi for the ith gene, R package Metap (Michael, 2016)
and logitp method (Becker, 1994), was used to combine the p and f values obtained from
NBP and FCROS method, respectively.
Further, empirical P values corresponding to each πi score was obtained by generating
bootstrap samples (Davison and Hinkley, 1997; Angelo and Brian, 2016), on the basis of
which the genes are ranked in the increasing order of the p values.
Pvalue (π i ) =

1
N

N

I (π
j =1

ij

≥ πi )
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where
J:

1, 2, …, N (No. of bootstrap samples)

πij:

π score for ith gene in jth bootstrap sample

πi:

π score for ith gene in original sample.

R codes were written for the entire process of generating combined π-values by obtaining
the p and f values for each gene from their respective models NBP and FCROS, and
ranking of genes on the basis of p values corresponding to the combined score πi.

3

Performance evaluation

The performance of the developed hybrid model along with FCROS and NBP models
(given in Table 3(a)–(c) was compared on the basis of classification. The performance
criteria i.e., mean classification accuracy (CA) was computed by using a sliding window
size technique. Here, the window sizes refer to the number of ranked genes obtained by
using each gene selection method. Moreover, the window sizes were taken as 50, 100,
150, …, 950, 1000 with a sliding length of 50. Further, the top ranked genes, selected by
gene selection method, were then used in SVM classifiers with linear kernel to predict the
classes of the samples (stress; +1/ control; –1) on three different datasets (one real and
two simulated datasets). The CA was computed by training the SVM classifiers for each
sliding window sizes over 5 fold cross validation.
Further R codes were also written for generating simulated dataset and testing model
accuracy and classification. For all this purpose R version 3.2.3 was used and the library
of other R packages ‘boot’(), ‘e1071’(), ‘metap’(), ‘xlsx’(), ‘NBPseq’(),‘fcros’(),
‘edgeR’(), and ‘DESeq2’ () were utilised for comparing the models and generating result.

4

Results and discussion

In order to obtain the number of differentially expressed genes through the developed
hybrid model and compare the number of DE genes derived through the other models we
used Arabidopsis thaliana dataset, accessed from NBPseq package of R (Di et al., 2011).
The dataset contains 26,222 by six matrix of RNA-Seq read frequencies. The matrix
contains the frequencies of RNA-Seq reads mapped to genes in a reference database.
Rows correspond to genes and columns correspond to independent biological samples.
The dataset was run on all the above mentioned models and the number of differentially
expressed genes for all the cases were obtained (Table 1). The screening parameters for
obtaining differentially expressed up regulated and down regulated genes were kept
unchanged for parametric (NBP) and nonparametric (FCROS) method, as suggested by
Di et al. (2011) and Dembele and Kastner (2014), respectively. For NBPFCROS, genes
with p < 0.05 were identified as differentially expressed. We used scaled π scores,
to select the up regulated and down regulated genes from these differentially expressed
genes. As the distribution of π scores was skewed, median value was used for segregating
the up regulated and down regulated genes. Genes with values of π > median were taken
as up regulated and π < median as down regulated genes. From Table 1 we can observe
that number of differentially expressed genes obtained in the case of our hybrid model
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NBPFCROS is considerably decreased. The performance of NBPFCROS is better in
terms of controlling the false discovery rate and able to detect the true DE genes more
precisely as compared to the other methods.
Table 1

Number of DE genes obtained through each model
FCROS

NBP

NBPFCROS

DESeq2

edgeR

Number of differentially expressed genes

3680

1842

1302

2160

2326

Number of up regulated genes

1863

961

652

1086

1292

Number of down regulated genes

1818

857

650

1074

1034

To evaluate the performance of our developed model NBPFCROS, we used synthetic and
real RNA-Seq datasets. The synthetic dataset following parametric distribution was
generated using compcodeR() package (Soneson, 2014). The simulation was performed
following the description by Soneson and Delorenzi (2013). The count dataset contained
15,000 genes for two groups of 15 samples each, where 10% of the genes are simulated
to be deferentially expressed between the two groups (equally distributed between
up- and down regulated in group 2 compared to group 1). Furthermore, the counts for all
genes were simulated from a Negative Binomial distribution with the same dispersion in
the two sample groups. For simulating dataset following non parametric distribution, we
used package SimSeq (Benidt and Nettleton, 2015), the generated count dataset contained
15,000 genes for two groups of 15 samples each, where 10% of the genes were simulated
to be deferentially expressed between the two groups.
For real dataset, we used KIRC RNA-seq dataset (The version of the KIRC dataset
unc.edu_KIRC.IlluminaHiSeq_RNASeqV2.Level_3.1.5.0 accessed from Simseq package
of R) containing 20,531 genes and 72 paired columns of data with rows corresponding to
genes and columns corresponding to replicates; replic vector specifies replicates and
treatment vector specifies non-tumour and tumour group samples respectively within
replicate (The Cancer Genome Atlas Research Network, 2013). First 20 samples from
both the groups were included in the dataset for validity check of the developed model.
List of top 50 differentially expressed genes, ranked on the basis of p values, obtained
through hybrid model NBPFCROS is given in Table 2.
Table 2

List of top 50 ranked genes

Gene name

Pi-value

p-value

ALDOA|226

0.013185

0

ANGPTL4|51129

1.55E-21

0

ATP1A1|476

1.25E-09

0

C3orf71|646450

1.3E-07

0

CD59|966

0.021953

0

CDH11|1009

8.97E-13

0

GANAB|23193

0.004646

0

GNB1L|54584

0.000359

0

HKDC1|80201

2.05E-06

0

IGF2R|3482

2.44E-14

0
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Table 2

List of top 50 ranked genes (continued)

Gene name

Pi-value

p-value

LDB2|9079
NDNL2|56160
NDUFA3|4696
NMT2|9397
PGF|5228
PLEKHO2|80301
RGS3|5998
SERP1|27230
SOCS7|30837
SPAG8|26206
TMPO|7112
TUB|7275
UBASH3B|84959
VDAC3|7419
VHL|7428
AIF1L|83543
ANXA4|307
B2M|567
C2orf86|51057
CAND2|23066
CD69|969
COL27A1|85301
COL3A1|1281
DCLRE1B|64858
EEF1E1|9521
FMOD|2331
GLRX3|10539
HKR1|284459
HLA-A|3105
HLA-DMB|3109
HLA-DQA2|3118
HSCB|150274
MEA1|4201
PEA15|8682
PFKL|5211
PLSCR4|57088
RPL11|6135
RPL8|6132
TFB2M|64216
TUBA4A|7277

7.05E-07
0.000152
2.47E-22
1.3E-17
0.000616
3E-15
5.47E-10
1.03E-08
1.85E-06
2.09E-08
4.89E-11
2.03E-06
0.159337
1.07E-15
6.45E-11
6.37E-16
1.22E-10
0.006522
2.52E-16
0.129763
6.7E-06
2.92E-11
7.05E-09
1.55E-16
0.473419
4.69E-09
1.06E-06
1.91E-07
1.87E-05
1.83E-11
1.06E-08
5.21E-18
5.47E-14
6.4E-06
7.44E-11
2.14E-10
0.001404
0.00222
3.6E-17
0.002591

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
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We compared the results obtained from NBPFCROS with the NBP, FCROS, edgeR and
DESeq2 methods to test for its validity and robustness. Support vector machine (SVM)
with linear kernel was used for evaluating the classification accuracy of the model.
Table 3(a)–(c) clearly suggest that the NBPFCROS method has better mean classification
accuracy rate for the simulated data based on parametric distribution whereas in the case
of simulated data based on non-parametric distribution and on real dataset, the
classification accuracy rate for NBPFCROS is better than NBP, edgeR and DESeq2
models. Moreover from Table 3(a)–(c), we can also see that 100% classification accuracy
rate is achieved with less number of predictors (widow size) for NBPFCROS
in comparison to other models. As the hybrid model NBPFCROS has performed
well on all the used datasets, it suggest that gene significance score π-value obtained
through NBPFCROS is more robust in terms of identifying true DE genes and ranking
them according to their significance as compared to the individual NBP and FCROS
algorithm.
Table 3(a) Performance of various methods in terms of classification accuracy (CA)
CA-real data
Window size

NBP

FCROS

NBPFCROS

edgeR

DESeq2

50

95.1

97.1

96.1

38.2

37.8

100

96.4

97.1

96.2

37.9

38.8

150

97.0

97.1

96.8

37.0

38.5

200

97.3

97.0

96.6

36.1

36.6

250

97.1

97.1

96.8

39.3

37.6

300

97.8

97.1

96.8

38.3

35.8

350

97.8

97.0

96.6

38.2

36.8

400

97.2

97.3

96.7

39.2

37.8

450

97.5

97.0

96.4

37.4

35.0

500

96.9

97.4

96.4

37.2

38.8

550

97.5

97.5

96.6

37.3

34.3

600

97.5

97.5

96.4

38.2

36.8

650

97.5

97.2

95.6

39.6

36.9

700

97.1

97.3

95.9

37.1

39.2

750

97.5

97.3

96.0

40.5

35.9

800

97.5

97.5

95.7

36.5

37.5

850

97.2

97.5

95.8

38.9

37.2

900

97.5

97.3

96.5

34.4

37.5

950

97.5

97.3

95.9

38.6

35.7

1000

97.5

97.5

96.8

38.3

35.0
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Table 3(b) Performance of various methods in terms of classification accuracy (CA)
CA-simulated data following-parametric distribution
Window size

NBP

FCROS

NBPFCROS

edgeR

DESeq2

50

95.2

87.5

98.3

11.3

8.7

100

97.2

88.3

98.9

10.4

9.0

150

96.7

88.4

99.6

9.4

13.0

200

98.0

89.6

99.7

9.8

10.6

250

97.9

90.0

99.9

11.9

5.6

300

98.2

89.7

99.7

10.0

7.5

350

97.4

91.9

99.7

11.4

10.5

400

97.8

90.2

100

13.0

8.3

450

98.6

90.6

100

9.8

11.8

500

98.5

92.7

100

11.5

14.6

550

98.7

91.6

100

7.8

10.0

600

98.8

93.7

100

11.9

10.7

650

98.5

93.3

100

11.5

12.8

700

99.7

94.2

100

9.7

8.3

750

99.7

94.0

100

7.6

10.6

800

100

95.2

100

10.0

8.3

850

100

93.3

100

9.3

11.1

900

100

96.9

100

10.4

14.6

950

100

93.3

100

14.3

9.5

1000

100

97.0

100

11.1

13.9

Table 3(c)

Performance of various methods in terms of classification accuracy (CA)
CA-simulated data following non-parametric distribution

Window size

NBP

FCROS

NBPFCROS

edgeR

DESeq2

50

78.4

91.8

83.1

37.2

36.1

100

80.7

89.6

83.6

35.8

34.7

150

83.0

91.4

86.5

37.0

36.1

200

83.9

90.1

88.1

34.5

37.6

250

84.1

91.1

90.0

36.3

36.7

300

86.5

90.7

88.5

34.7

35.3

350

88.8

90.1

89.6

35.6

36.0

400

88.3

89.5

90.6

33.3

34.4

450

90.0

91.6

87.8

36.7

34.7

500

88.8

89.2

90.3

37.1

38.3

550

87.1

91.2

89.8

35.8

36.2

600

87.9

91.3

88.3

34.3

32.9
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Performance of various methods in terms of classification accuracy (CA) (continued)
CA-simulated data following non-parametric distribution

Window size

NBP

FCROS

NBPFCROS

edgeR

DESeq2

650

88.7

92.2

89.2

37.2

35.1

700

86.7

92.7

89.2

37.2

36.7

750

88.2

92.2

90.2

33.6

36.1

800

89.3

93.6

90.0

32.7

32.7

850

88.9

94.6

91.0

35.9

38.9

900

90.4

95.6

88.6

32.5

37.5

950

88.1

94.5

90.0

39.5

36.7

1000

89.4

95.0

88.7

36.7

40.0

5

Conclusion

RNA-Seq method is a widely applied technique in biological research. Efficient and
precise statistical method for RNA-Seq data analysis is essential to the advancement of
Genomics and Proteomics research. Generating an accurate list of differentially
expressed genes is the basis for pathway or gene set enrichment analysis. RNA-Seq data
takes the form of counts, so models based on the normal distribution are generally
unsuitable. Since current methods for this problem of RNA-Seq data analysis are mostly
based on Poisson or negative-binomial models which are useful, but the results may not
be reliable if the outliers are present in the data.
All these parametric as well as the non-parametric approaches are developed to
increase the power of detection, so that maximum number of true DE genes is identified.
However the violation of the model distribution increases the false positive rate and
decreases the number of true DE genes. A gene set with a large number of false positives
will compromise these analyses. Here we have introduced a new combined method based
on parametric and non-parametric distribution (NBPFCROS) which when compared with
the individual parametric (NBP) and non-parametric (FCROS) methods, has been found
to have increase power of detection in terms of identifying true differentially expressed
genes and also consistent classification accuracy across real and simulated datasets.
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