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Abstract

Motivation: Understanding the cell transcriptome is essential for interpret the functional elements of
the genome. Recent developments of high-throughput DNA sequencing technologies have provided a new
method to sequence RNA at unprecedented high resolutions. This method is termed RNA-Seq and has
been emerging as the preferred technology for characterise the cell transcripts.

Results: We propose a pipeline to compare two RNA-Seq samples. This pipeline permits to obtain
biological insight about the analysed samples by extracting the main cellular processes that are differentially
active on both samples. Additionally we propose a novel methodology to inspect the activation of a
given cellular pathway in a time-course RNA-Seq dataset. Finally, we hypothesise a novel approach to
statistically reinforce the inference of differentially expressed genes among two RNA-Seq samples, using
publicly available RNA-Seq datasets.

Conclusions: The evaluation of a Listeria monocytogenes RNA-Seq dataset with the developed tools
testified its proper functioning. Employing the RNA-Seq analysis pipeline, it was concluded which cell
processes were differentially active between a set of trancriptomes acquired from cells with different growth
environments and along a time-course. In the same way, taking advantage of published relationships be-
tween genes upon infection with Listeria monocytogenes, it was confirmed the existence of these connections
on the Listeria monocytogenes dataset. Finally, it was tested if public RNA-Seq data obtained in similar
conditions as the control of the Listeria monocytogenes dataset could be used to improve the statistical
confidence on the inference of differentially expressed genes. The results prove that this methodology is
not reliable.

Keywords: Next generation sequencing, RNA-Sequencing, gene expression, gene networks, RNA-Seq
analysis pipeline, RNA-Seq validation, Listeria monocytogenes.

1 Introduction
Since the chemistry Nobel prize was awarded to

Fred Sanger and Walter Gilbert, in 1980, for their
crucial contribution concerning the determination of
base sequences in nucleic acids,1,2 many were the de-
velopments of DNA sequencing technologies.3 The im-
provement of these techniques brought a revolution-
ized approach to biological questions and, nowadays,
the use of these technologies in order to access the cell
transcriptome has become an integral part of biolog-

ical research – RNA-Sequencing (RNA-Seq) .
Following up these improvements, in the bioinfor-

matics field, a wide number of methods have been
developed to cope with different aspects of RNA-Seq
data analysis. However, combining them into a con-
gruent analysis pipeline is not a trivial challenge, in
the sense that their aggregation must address the
needs and specificities of each problem. With this in
mind, we propose a sequence of tools (pipeline) which
is suitable to perform a comparative study between
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two RNA-Seq samples (Section 2). As a case study, we
used the implemented pipeline to process a RNA-Seq
dataset acquired from human HeLa cells infected with
Listeria monocytogenes (L. monocytogenes) (Section
2.2).

The available tools which infer differential signal
among RNA-Seq samples use statistical tests to de-
cide whether, for a given gene, an observed differ-
ence in read counts is significant. However, these
methods are not able to aggregate the data along a
time-course, only do individual analysis between two
time-points. To address this limitation, we formu-
lated a new methodology that uses known gene reg-
ulatory networks to investigate if a certain biological
process is active on a RNA-Seq time-course dataset
(Section 3). To test the proposed methodology, we
studied how well a gene network describing the cell re-
sponse upon L. monocytogenes infection is modelling
the L. monocytogenes RNA-Seq dataset (Section 3.2).

Finally, we tested the hypothesis of using pub-
lic RNA-Seq data, extracted from cell populations in
similar conditions as the control of the Listeria mono-
cytogenes dataset, to improve the statistical confi-
dence on the inference of differentially expressed genes
(Section 4).

2 RNA-Seq analysis pipeline
In this Section we describe a pipeline devel-

oped to analyse a time-course RNA-Seq dataset.
Next, we use this pipeline to process a RNA-Seq
dataset acquired from human HeLa cells infected with
L. monocytogenes. Finally, we discuss the limitations
of this pipeline.

2.1 Methods
Data analysis begins with the input of the raw

read files and the reference files. Once this data is
gathered, the reads are processed with FastQC.4 This
software ensures that the RNA-Seq data is qualita-
tively good and that there are no biases in it. Prob-
lems detected by a quality control analysis may derive
from the sequencer or from the starting library mate-
rial. Some abnormalities may be resolved by trimming
base pairs from the raw read. The pipeline supports
this, containing a script that is able to trim a given
number of base pairs from the RNA-Seq data.

Afterwards, the clean reads will be aligned with a
reference sequence using Bowtie 2, a well established
mapper.5 This is a fast and memory-efficient mapping

tool that is particularly suitable for the alignment of
small reads, as the ones from RNA-Seq technology,
to long reference sequences, as the human genome.
The output is a Sequence Alignment/Map (SAM) file
which stores the informations about the read align-
ments against the reference sequence.

After the RNA-Seq reads are mapped to a refer-
ence, the number of reads that map a certain gene
will be measured by a script integrated in the HTSeq
Python package, named HTSeq-count.6 Due to the
nature of this study, where high-level pathway anal-
ysis was the goal, it was not considered relevant to
distinguish multiple isoforms of the same gene and,
thus, features in this analysis are equivalent to genes.
Moreover, the pipeline has a conservative approach to
reads that map to overlapping genes, discarding them.

Once gene expression has been quantified, a
differential expression (DE) test is performed between
the RNA-Seq samples. This test has as main goal
the detection of differentially expressed genes among
the conditions in study. The inference of differen-
tial signal in such data is done using DESeq,7 an
R/Bioconductor package. This software uses a nega-
tive binomial distribution to model the gene expres-
sion distribution. To select the most significant en-
tries in this analysis, the pipeline is pre-set to trim
genes with p-value higher than 0.1.

Lastly, the differentially expressed genes are asso-
ciated with the GO terms using a Bioconductor pack-
age called GOStats.8 This software uses a standard
hypergeometric test in order to relate a given gene list
with the controlled vocabulary in the GO database.
The GO project provides a controlled vocabulary of
terms in an effort for consistent gene product descrip-
tions in different databases. For the entries gener-
ated through the hypergeometric test, it is defined a
p-value cut-off of 0.1. Thus, in this final step, it is
possible to have a biological insight about the sam-
ples being compared. Specifically, from the obtained
table one can conclude about the most differentially
active processes when the cell is subjected to distinct
growth circumstances.

2.2 Listeria monocytogenes case
study

The pipeline described above was used to pro-
cess a RNA-Seq dataset composed by three popu-
lations: Control, HeLa cells not infected growing in
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a healthy medium; LM1, HeLa cells infected with
wild-type L. monocytogenes strain EGDe; LM2, HeLa
cells infected with mutant L. monocytogenes strain
EGDe, to which was removed hly gene that encodes
for listeriolysin O (LLO), a L. monocytogenes viru-
lence factor.9 Total RNA was extracted from the cells
of each population at four time-points (20, 60, 120
and 240 minutes) with the purpose of having repre-
sented specific stages in the bacterium lifecycle. Ex-
tracted RNA was sequenced using Illumina platform.
From this procedure resulted a paired-ended dataset
in which each DNA fragment is constituted by 90 base
pairs.

A brief summary of the statistically significant bi-
ological processes GO terms that differ between non-
infected and L. monocytogenes infected cells is repre-
sented in table 1. Analysis of these terms shows that
at an early stage (time-point 20) the cell is reacting
to the binding of an extracellular ligand to a recep-
tor on its surface. This evidences the binding of the
L. monocytogenes receptors to the host cell surface
proteins. The main differences between control versus
LM1 and control versus LM2 analysis arise in time-
points 60 and 120, with opposite active processes.
Particularly, for the first comparison, the terms ev-
idence that the cell is already responding to the bac-
terial invasion by reducing the frequency of its cellu-
lar and biological processes and promoting apoptosis.
The process of cell suicide works as a natural mecha-
nism to prevent the dissemination of infection to the
healthy neighbour cells, functioning as a host defense
against the pathogen invasion.10 Contrary, for the sec-
ond analysis, the terms evidence the cell proliferation.
Finally, after 240 minutes, the most noteworthy terms
for the analysis control versus LM1 is related with
cell communication, which could be explained by the
bacterium invasion of neighbouring cells. For control

versus LM2 the population of cells continues its pro-
liferation.

The results evidence that for the first case, the
cells population responds to the L. monocytogenes in-
fection. Contrasty, in the second case the cells did not
respond to the presence of the pathogen and continue
their proliferation processes along the four acquisi-
tion points. This may be explained by the hypothe-
sis that for the last case (LM2 samples) the bacteria
could not be free in the host cytosol. Due to the non-
existence of hly gene in the mutant bacteria, which
synthesizes an important toxin for the bacteria to es-
cape its internalization vacuole, L. monocytogenes is
incapable of disrupting its phagosome and, therefore,
to use the host cell machinery. Bearing in mind these
results, we formulated the following hypothesis: when
LLO, a protein codified by hly gene, is not produced
L. monocytogenes loses its virulence. Particularly,
without LLO the bacteria is not able to disrupt the
internalization vacuole and use the cell machinery to
replicate. These conclusions are congruent with what
Portnoy et al., 2002,11 describe. Moreover, due to the
fact that the internalization process is performed in
a membrane-bound phagosome by inducing local cy-
toskeletal rearrangements in the host cell,9 with no
disruption of this vacuole the cell cannot detect any
foreign body.

2.3 Discussion
The tools integrated in the developed pipeline are

just one alternative to perform a given task (table
2). Concerning the sequencing quality assessment, the
methodology used for alternative applications is very
similar to the one used by FastQC. However, FastQC
output has significant added value for its clearness and
simplicity combined with the display of all important
information. This allows the user to easily conclude
about the data sequencing quality.

Table 1: Main GO terms for the Biological processes ontology along the four acquisition time-points for control versus
LM1 and Control versus LM2 analysis.

Time-point Control vs. LM 1 Control vs. LM2
Definition P-value Definition P-value

20 Enzyme linked receptor protein
signalling pathway

2.06e-07 Enzyme linked receptor protein
signaling pathway

0.000112

60 Programmed cell death 1,05e-11 Regulation of endothelial cell pro-
liferation

1.96e-06

120 Negative regulation of cellular
process

2.11e-20 Positive regulation of cell prolifer-
ation

4.62e-06

240 Regulation of cell communication 5.05e-11 Regulation of cell proliferation 8,31e-06
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With respect to the alignment tool, Bowtie 2 is
a state-of-the-art mapper that is specialized at align-
ing short reads (from 50-100bp) with long reference
genomes.5 Relatively to Bowtie 2 alignment quality,
as stated in Friedel et al., 2012,12 "Bowtie 2 alignment
algorithm shows a remarkable tolerance to sequencing
errors (...) making hash-based aligners obsolete" (like
MAQ or SOAP2). When comparing Bowtie 2 algo-
rithm with BWA or the old Bowtie, results confirm
that Bowtie 2 has a higher ratio between the number
of correct alignments and incorrect ones.5

Regarding gene expression profiling, HTSeq-count
is a simple script that takes advantage of the tools
that the python package HTSeq contains. The out-
put of this tool is ideal for the next pipeline step.

In order to perform the differential expression test,
it was intended a method that, firstly, had a conserva-
tive approach with samples that contain a high num-
ber of outliers and, secondly, that was capable of per-
forming the comparative analysis without replicated
reads. Bearing in mind the considerations stated in
Soneson et al., 2013,13 DESeq, edgeR and NBPSeq
are the best methods to process datasets with low
number of replicate samples, as the L. monocytogenes
case study. Among these methods, Soneson et al.
concluded that they have similar results, with DESeq
having the most conservative behaviour.

At last, to determine which pathways are overrep-
resented in the set of differentially expressed genes it
is pretended to perform a over-representation analy-
sis, following the classification stated in Khatri et al.,
2012.14 As referred in Emmert-Streib et al., 2011,15

GOStats is the principal method to perform this sort
of analysis and, hence, it was chosen to integrate the
developed pipeline.

Table 2: Alternative tools for each pipeline step.

Used tool Alternative tools

FastQC RSeqQC, htSeqTools HTQC,
QC-Chain

Bowtie2 BWA, SOAP2, MAQ, Bowtie
HTSeq-count bedtools multicov
DESeq edgeR, TSPM, baySeq, NOISeq
GOStats Onto-Express, GenMAPP,

GoMiner, GO:TermFinder

Moreover, there are also available pre-build
pipelines which take the raw RNA-Seq reads and pro-

cess it to extract biological conclusions. Processing
RNA-Seq data using already implemented pipelines
can be advantageous to, for instance, biologists with
poor computational knowledge. However, to users
with computational knowledge, analysing the data
with such tools restricts the way in which the pro-
cessing can be performed and, moreover, is frequently
harder and less effective. Pre-build pipelines may not
contain the tool which best suits the data in analy-
sis and are not so versatile. Building a pipeline from
scratch means that it is designed for the dataset in
analysis and, furthermore, even if the dataset changes
it easy to adapt the same pipeline to perform its anal-
ysis.

Nevertheless, the developed tool has also some
limitations: 1) Bowtie 2 does not perform spliced
alignment. Nevertheless, permits gapped alignments;
2) if a read maps to multiple places on the genome
with equal score, Bowtie 2 chooses randomly the
genome portion where that read is going to be
mapped; 3) Bowtie 2 mapping process does not as-
sures that the alignment reported is the best possible
in terms of alignment score; 4) the pipeline has a con-
servative approach to reads which only one mate of
the paired-ended read was aligned to the reference,
discarding those alignments; 5) reads that map to
overlapping genes are also discarded; 6) the devel-
oped pipeline is only suitable to process data from
Illumina’s sequencing protocol.

In addition, the experimental data can also de-
crease the confidence of the results. Particularly for
the L. monocytogenes case study, the data is unrepli-
cated. As Fisher16 noted, without an estimate of
variability there is no basis for inference (between
treatment groups). Although we can test for differ-
ential expression between treatment groups from un-
replicated data, the results of the analysis only apply
to the specific subjects included in the study (i.e.,
the results cannot be generalized). Furthermore, the
RNA-Seq data is extracted from a pool of infected
and non-infected cells. The L. monocytogenes infec-
tion was done on a population of cells. Some cells
get infected and some do not. The transcriptional
responses between these two types of cells may vary
considerably. The result is that, at the level of the
population (which is what RNA-Seq translates), the
gene may not translate the response of infected cells.
This phenomena is called bystander effect.17
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3 Gene networks to prove the
existence of a given biological
response in RNA-Sequencing
data

Understanding the complex genes interactions im-
plicated in the cell response to an external stimulus
is extremely important to contextualize and validate
the results from the pipeline referred in Section 2.

Statistical methods such as the ones provided by
DESeq and GOStats packages are employed in the de-
veloped pipeline to extract from the RNA-Seq samples
the cell differential active processes. However, these
methods are not able to aggregate the data along a
time-course, only do individual analysis for each ac-
quired time-point. In other words, they are not capa-
ble to integrate the data in a systems biology view.
Systems biology does not investigate individual genes
and rather focus on the behaviour and relationships
of all the elements in a particular biological system
while is functioning, along a time course. To address
this constraint, we developed an algorithm that is ca-
pable of inspecting the activation of a given biologic
pathway on a RNA-Seq dataset.

3.1 Methods
This methodology is based on previously known

gene relationships on a given cellular pathway. This
information is usually concatenated in gene regula-
tory networks. Gene regulatory networks are graphic
diagrams that are used to visualize the regulatory re-
lationships between genes upon a certain stimulus or
just along the cell life-cycle. These networks are com-
prised of nodes, the genes and their regulators, joined
together by edges, which represent physical and/or
regulatory interactions.

To inspect if a given gene network is modelling
well a RNA-Seq dataset in analysis, the developed
methodology assumes that this gene network is trans-
lating the relations that best modulate the genes in-
teractions of that dataset. Therefore, the number of
genes, as well as, the interactions between the genes
are considered as described in the literature and, thus,
are known a priori.

The formulated methodology needs to know the
following data a priori: the count table containing the
genes expression level (output of HTSeq-count tool

referred in Section 2.1), the experimental metadata
(such as the library type and the time-points where
the reads were acquired) and, finally, the network of
interest which describes how a certain set of genes
are related in the biological process in study. This
set of genes corresponds to the genes in the network
nodes and will be referred in this document as node
genes (NG).

The developed algorithm begins by extracting the
NG expression level information from the count ta-
ble. This data is, then, normalized in two steps:
the first normalization is performed using DESeq’s
approach, which is considered a robust method.18

Then, this gene expression level is subtracted by the
normalized genes expression of the control sample
and transformed to a logarithmic scale. After this
pre-processing, the kinetics of these genes is deter-
mined taking into account the expression level infor-
mation. In order to do so, and following the model
proposed in several surveys, the gene regulatory net-
work is modelled by a system of linear differential
equations, which general mathematical form is de-
scribed by equation 1.19–21

dxi(t)
dt

=
C∑
j=1

wi,j .xj(t) + bi.u(t). (1)

where

xi(t) : Log-ratio of the gene i expression level at
time t;

wi,j : Entry of the gene-gene interaction matrix
in column i and row j;

bi : External stimulus response vector for gene
i;

u(t) : Heaviside step function: u(t < 0) = 0 and
u(t ≥ 0) = 1.

The column vector bi numerically translates the
influence that an external stimulus, such as infection,
has in the gene i. The Heaviside step function repre-
sents the influence of the external stimulus as constant
over time. Each entry of the gene-gene interaction
matrix W describes the influence that gene i has on
gene j. Knowing the network a priori, it is possible
to determine the number of entries that are not null
as well as its sign in the interaction matrix W. There-
fore, the linear differential equations can be solved in
order to wi,j by the least square method. For that,
an overdetermined system of equations is constructed.
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This system has into account the normalized expres-
sion values and the time derivatives for the node gene
i, both along the several acquisition time-points. The
time derivatives values are estimated from the exper-
imental data points by linear interpolation as it is
done in Guthke et. al, 2005.19 This system is as-
sumed to be at equilibrium prior to stimulation, i.e.
dxi(t < 0)/dt = xi(t < 0) = 0. Moreover, in order
to solve that system, the expression level of a certain
gene i needs to be not null. Otherwise the differential
equation will be impossible to solve. The approach
chosen to cope with this situation was to trim the
non-expressed genes from the analysis. After solv-
ing this system, the linear differential equations that
modulate the variation of the NG along the time are
completely defined. By numerical integrating those
differential equations the algorithm finds the kinetics
associated with the NG along the acquisition time-
points.

At this point, aiming to test the statistical signif-
icance of the network of interest in the data in anal-
ysis, the algorithm performs a permutation test. In
order to do so, the algorithm chooses, randomly, from
a trimmed gene universe a set of n genes, where n is
the number of genes in the nodes of the known net-
work. It is important to refer that this trimmed gene
universe corresponds to the set of genes on the raw
count table that do not have a null expression level
for any of the acquisition time-points. Afterwards, the
ratio between the mean square error calculated from
the simulated and the experimental expression values
and the variance of the experimental values along the
time (MSE/Var) is measured (equation 2). This pro-
cedure is repeated t times (with t greater than 1000)
and the statistical values measured compared with the
same value for the genes in the network nodes (NG).
The p-value associated with the existence of the net-
work’s gene interactions in the RNA-Seq dataset is
calculated by measuring the number of random sets
of genes that have lower MSE/Var than the NG.

MSE

V ar
(genei) =

∑ntp

i=1(x̂i − xi)2∑ntp

i=1(xi − µ)2 . (2)

where
ntp : Number of acquisition time-points;
xi : Vector with experimental values of gene i

expression level in the acquisition points;
x̂i : Vector with predictions of gene i expression

level in the acquisition time-points;

µ : Mean value of the xi vector.

Statistical value MSE/Var measures how far the
calculated kinetics is from the experimental values.
For clusters of genes with low variance, the measure-
ment of the absolute MSE will be low even if they
are being described by a bad model. Therefore, the
MSE value is normalized by the variance to get a frac-
tion of explained variance. In this way, we are able
to measure properly how well a set of genes are being
modelled by the gene network of interest, indepen-
dently if that set of genes has a high or a low variance
associated.

In addition, we designed a HTML interface where
it is easy for users with no computational know-how
to gather the necessary data and proceed analysis,
without the need of using the command line.

3.2 Listeria monocytogenes case
study

Considering that regulatory networks controlling
gene expression function as decision-making circuits
within the cell, it is intended with the subsequent
analysis to understand which pathways of the cell
circuits are activated when the cell is infected by
L. monocytogenes. Given the characteristics of the
case study in analysis, the gene regulatory network
extracted from published data describes the cell im-
munological response during L. monocytogenes infec-
tion (figure 1).

Figure 1: Network constructed from literature review on
L. monocytogenes infection. The arrows in green repre-
sent stimuli and the arrows in red represent inhibitions.
This network was kindly provided by Loretta Magagula
from Mhlanga laboratory at CSIR, in South Africa.

Firstly, the developed algorithm determined how
these NG kinetics varies in the L. monocytogenes
dataset. This simulation is represented, for both LM1
and LM2 samples, in figures 2(a) and 2(b) according
to equations 3 and 4, respectively. Next, the per-
mutation test was performed, with t = 5000. For
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this specific case, the result evidences that the NG
conjunction is well suited for the L. monocytogenes
dataset with a considerable low p-value. Particularly,
for LM1 sample only three set of randomly chosen
genes had lower ratio between the mean square error
and the variance (MSE/Var) and, hence, the p-value
is 0.059%. Concerning LM2 sample, the existence of
the network of interest in the data has associated a
p-value of 10.137%. The differences between the two
p-values might arise from the fact that in LM1 sam-
ple the bacteria is able to disrupt its internalization
vacuole and use the cell machinery to replicate. Con-
trasting, in LM2 sample, lacking the gene for LLO,
the bacteria is not capable to invade the cell citosol.
Therefore, in the first sample it is expected a stronger
immunological cell response. This is translated by the
p-values differences, which statistically describes how
well the known network is fitting the dataset.

Therefore, considering the previously referred re-
sults, it is possible to conclude that the data being
analysed is consistent with the published network.
The p-value associated with the statistical measured
value (MSE/Var) is quite low for the NG, particularly
for LM1 sample. Hence, the described conjunction of
data is not random and it is present in the analysed
dataset in the same way that is described in the anal-
ysed genes network. Furthermore, from this analy-
sis we are also able to support the idea that in sam-
ple LM1 a stronger cellular immunological response
occurred than in LM2 samples. These results were
evidenced in the analysis of the L. monocytogenes
dataset by the developed pipeline and are congruent
with what we were expecting.

3.3 Discussion
The analysis of RNA-Seq data in the systems bi-

ology context gives insight about the active cell path-
ways upon a certain stimulus and along a time-course.
The methodology proposed here takes advantage of
this information to validate the RNA-Seq data. The
validation performed by this method aims to prove
that the genes in the RNA-Seq dataset are well mod-
elled by a published gene networks. The network used
can describe a pathway that is expected to be active
(by knowing which stimulus was applied in the cell
upon transcriptome sequencing). This is done when
it is intended to investigate if the data describes well
a biological process in study. And can also be applied

when a pathway is thought not to be occurring. The
developed methodology allows to investigate if an ad-
jacent pathway is activated when the cell is submitted
to different conditions.

Moreover, this methodology may prove particu-
larly useful for RNA-Seq datasets that do not have
replicates. Without replicates it is hard to under-
stand if the RNA-Seq reads are translating well the
cell transcriptome or are just a consequence of sam-
pling noise. This method provides a way to test that
a certain model of a biological pathway is, in fact,
a good model for a RNA-Seq dataset in study. Ul-
timately, the gene kinetics information can evidence
that a certain cellular pathway is described in a next
generation sequencing data, supporting a comparative
analysis such as the one performed in Section 2.2.

This methodology can also be useful when a
RNA-Seq dataset contains replicate reads. The avail-
able tools that statistically compare RNA-Seq reads
are able to investigate the congruency between sin-
gle samples but not the biological processes that they
are describing, in a systems biology way. The use
of this novel methodology not only allows to investi-
gate if a process is described along the RNA-Seq data
but also, by investigating how well a certain network
is modelling a dataset, clarifies about the similarly
between the NG variation among the samples. This
new methodology intends to complements the avail-
able tools that statistically compare RNA-Seq reads
by consolidating its conclusions.

Nonetheless, this methodology is based on several
assumptions that may limit the obtained results. For
instance, if a gene that is described in the network
in analysis is not expressed, the methodology trims
it from the analysis. In addition, the time derivatives
dxi/dt need also to be determined by linear interpola-
tion, and, therefore, this value corresponds only to an
estimate. However, this methodology was adopted for
several researchers to perform the modulation of their
data in the gene networks context and proved to be an
effective approach.19,21 Finally, the ratio between the
mean square error and the variance (MSE/Var) might
not be accurate in cases where the variance associated
with the NG is very low. This occurs because in the
permutation test will appear set of random genes with
high variances. This high values imply that the mea-
sured statistical value will be low, even if the MSE is
high.
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dx1
dt = −6.9x1 + 10.3.u(t)
dx2
dt = −29.9x1 − 20.4x2 + 11.02.u(t)
dx3
dt = 44.1x2 − 49.7x3 + 24.9x7 − 19.7.u(t)
dx4
dt = −3.8x2 − 8.5x4 + 4.1.u(t)
dx5
dt = −3.6x2 − 21.7x5 − 15.8.u(t)
dx6
dt = 2.2x1 − 39.1x6 + 5.2.u(t)
dx7
dt = 88.7x6 − 11.7x7 + 3.4.u(t)

(3)

Equation 3: Differential equations describing genes ki-
netics for sample infected with wild-type L. monocyto-
genes relatively to network from figure 1. Each entry is
multiplied by a factor of 1000.



dx1
dt = −8.0x1 + 0.8.u(t)
dx2
dt = −14.8x1 − 50.3x2 + 121.9.u(t)
dx3
dt = 32.2x2 − 28.3x3 + 22.8x7 − 47.8.u(t)
dx4
dt = −2.6x2 − 7.1x4 + 21.9.u(t)
dx5
dt = −13.9x2 − 33.5x5 − 28.2.u(t)
dx6
dt = −7.7x1 − 37.2x6 − 3.2.u(t)
dx7
dt = 6.6x6 − 4.8x7 + 2.0.u(t)

(4)

Equation 4: Differential equations describing genes
kinetics for sample infected with mutant L. monocyto-
genes relatively to network from figure 1. Each entry is
multiplied by a factor of 1000.

(a) (b)

Figure 2: Measured and simulated expression kinetics in log-ratios of the genes in the nodes of network 2, for both (a)
wild-type and (b) mutant infected datasets.

4 Using publicly available data
as RNA-seq replicates

When applying statistical methods, such as the
ones provided by DESeq package, it is extremely im-
portant to have proper replicates in order to validate
the obtained results. In fact, without replicates, it is
not possible to assert if differences between conditions
are just a consequence of experimental and biological
noise.

4.1 Methods
The methodology here proposed intends to sup-

port the DE analysis, by using publicly available data
and bioinformatics tools. This idea was a consequence
of the challenge that it is validate biological conclu-
sions from RNA-Seq datasets without replicates. Nev-
ertheless, it is important to keep in mind that, ulti-
mately, this approach was proven not to be feasible.
However, this analysis is not worthless. In fact, allows
to conclude that the approach defined in this section

is not a reliable way to reinforce the DE inference
among RNA-Seq samples.

This methodology starts by extracting RNA-Seq
samples similar to the ones in analysis from public
databases, such as Gene Expression Omnibus or Ar-
rayExpress. Then, to access the similarly between the
samples, it is used the pipeline described in Section
2 until the DESeq step. At this point, it is possible
to understand if the public sample is suitable to be
used as replicate of the RNA-Seq sample in analysis,
by both analysing the output table of differentially ex-
pressed genes and the MA-plots illustrating the distri-
bution of the genes log fold change along the several
expression levels. If the sample downloaded from a
public database is similar to the RNA-Seq that is in-
tended to support, the MA-plot will have the shape
of a narrow funnel.

4.2 Listeria monocytogenes case
study

To understand if the methodology here pre-
sented is valid, the control sample from the
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L. monocytogenes dataset was used to evaluate it.
The control sample was generated by deep sequencing
all poly-(A) tailed mRNAs of a HeLa cell population
growing on a plate. Therefore, the first step was to ob-
tain from the available databases a RNA-Seq dataset
that was obtained from a population of HeLa cells
growing in a healthy medium.22,23 The public dataset
that is was used in this analysis contains two bio-
logical replicates and one technical replicate for each
biological replicate. Aiming to understand how these
samples are correlated with our control data, reads
were processed as explained in the previous subsec-
tion. The genes’ dispersion in figure 3(a) is very high,
with a portion of the genes having a fold change of
approximately -10, which corresponds to a difference
of 1024 in the fold change between the two conditions
being analysed. Oppositely, the genes’ fold change
in the comparison between the two replicates (figure
3(b)) is concentrated near to 0, which is what we were
expecting, and have associated a very low dispersion.

4.3 Discussion
Even though this methodology could be an im-

provement on the RNA-Seq DE inference in datasets
without replicates, the result from the analysis be-
tween the our control sample and the public tran-
scriptome data was not good. A high batch effect
was found among these two datasets. In fact, there
is a high limitation associated with this methodol-
ogy: is highly depended of the data acquisition proto-
col. Even when the cell is simply growing on a plate,
the transcriptome can be deeply influenced by the ex-
ternal environment or the chosen growing medium.
Moreover, variability can be also associated with the
library construction from the mature cell population
or even the sequencing process. All these parameters
can be prominent in the fallibility of this methodol-
ogy.

5 Conclusion and Future work
Recent technological advances in genomics and

proteomics are generating data at unprecedented high
resolution. One example is high-throughput sequenc-
ing of RNA (RNA-Seq) which allows the simultane-
ous measurement of RNAs sequence and expression
at whole cell level. With the introduction of these
novel technologies, new bioinformatic approaches are
required. This article describes two useful tools to
analyse RNA-Seq data. And, moreover, we also tested

a new approach to reinforce the genes DE inference.
First, we implemented a pipeline to analyse RNA-Seq
data. This tool is able to find,from the raw RNA-
Seq samples, which are the differential active cellular
process between them. This enables the user to con-
clude about the influence that a certain cell environ-
ment or stimulus has into the cell active processes.
Subsequently, we developed an innovative tool that is
able to investigate if a certain biological phenomena
is well described by the dataset in analysis. In order
to perform that analysis, the developed methodology
takes advantage of previous knowledge and confirms if
the gene interactions in a published gene network are
modelling well the RNA-Seq dataset in analysis. Fi-
nally a novel methodology was proposed to overcome
the limitations of RNA-Seq datasets with no repli-
cated samples. This methodology is based on the use
of already published RNA-Seq samples as replicates
of that poor dataset.

In order to evaluate the developed tools, it was
studied a L. monocytogenes RNA-Seq dataset. Re-
garding the analysis of this dataset with the developed
pipeline, it was possible to extract biological meaning-
ful considerations. Namely, what were the cell active
processes when submitted to different environments.
Similarly, it was confirmed that this dataset is well
fitted by a gene regulatory network describing the
cell immunological response upon L. monocytogenes
infection. Given that the L. monocytogenes RNA-
Seq dataset does not contains any replicates, we at-
tempted to improve its statistical confidence by using
public RNA-Seq data from HeLa cells as a replicate of
the control sample. However, this methodology was
proven not to be reliable.

In order to strengthen the reliability of the new
tools described above, a new dataset, with more ro-
bust information, for instance, should be processed re-
sorting to the methodologies here proposed. It would
be important to perform the analysis of a RNA-Seq
dataset which has replicate reads for each collected
condition and, moreover, this new dataset should
study a cell process that it is not related with the im-
munological response. To understand the RNA-Seq
analysis pipeline reliability, the analysis of this new
dataset should be performed in two ways: one includ-
ing all the replicates reads and another considering
only one read from each condition. From this analysis,
we will be able to compare the results with and with-
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(a) (b)

Figure 3: Plot of normalized counts mean versus log2 fold change for the contrast between (a) L. monocytogenes
dataset control and samples from dataset 3; and (b) first and second replicate from dataset 3. Outliers genes represented
in red.

out replicates and, subsequently, confirm or refute the
similarity between the cellular processes found to be
differentially active among both analysis. Addition-
ally, in order to investigate the acuity of the RNA-
Seq validation algorithm described in Section 3, it
should be analysed a dataset which already was tested
by other tools and from which are known the active
cell pathways. Having this information, the inspec-
tion of the p-value value gives insight about the algo-
rithm reliability. Moreover, for the RNA-Seq analysis
pipeline, the obtained results could be supported by
confirming the expression variation of the genes which
are thought to have a greater influence in the cell im-
munological response to the L. monocytogenes inva-
sion, using, for instance, qRT-PCR technique. Con-
cerning the methodology described in Section 4, in the
future, it may be worthwhile to revisit this approach
when the technology has improved.
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