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António Gonçalves∗, Irene Ong†, Jeffrey A. Lewis‡ and Vı́tor Santos Costa∗
∗CRACS INESC-TEC and Department of Computer Science

Faculty of Sciences, Universidade do Porto, Portugal 4169-007
Email: {up201008720@alunos.dcc.fc.up.pt,vsc@dcc.fc.up.pt}

†Great Lakes Bioenergy Research Center
University of Wisconsin, Madison, WI 53706

Email: ong@cs.wisc.edu
‡Department of Biological Science

University of Arkansas, Fayetteville, AR 72701
Email: lewisja@uark.edu

Abstract—Transcriptional regulation plays an important role
in every cellular decision. Gaining an understanding of the
dynamics that govern how a cell will respond to diverse
environmental cues is difficult using intuition alone. We try
to discover how genes interact when submitted to stress by
exploring techniques of gene expression data analysis. We use
several types of data, including high-throughput data. These
results will help us recreate plausible regulatory networks by
using a probabilistic logical model. Hence, network hypotheses
can be generated from existing gene expression data for use
by experimental biologists.
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I. INTRODUCTION

With the advent of high-throughput technologies and
advanced measurement techniques, molecular biologists and
biochemists are rapidly identifying components of gene
networks and determining their biochemical activities. Un-
derstanding how these complex multicomponent networks
govern how a cell will respond to diverse environmental
cues is difficult using intuition alone. Towards this goal in
this work: we want to validate prior work on genes involved
in stress pathways [1], and we want to extend these results
with information on non-coding genes.

In this work we used two types of data and ap-
plied two different methods to them: clustering based ap-
proaches/heatmaps and also genes differential expression
(genes responding to external factors). The first method
groups genes that have similar behavior/reaction and the
second method allows us to see which genes respond to envi-
ronmental changes. We are looking for pairs of coding/non-
coding genes that are connected to stress functions/response.
Discovering these pairs may lead to understanding how non-
coding genes interact with the stress pathways.

II. EXPERIMENTAL METHODOLOGY

We used 2 types of data, microarray data [2] and RNA-
seq data. Both datasets had gene expression data in which

the genes were subjected to several types of stress. In the
microarray data, the genes were exposed to NaCl (salt)
stress, EtOH (ethanol) stress and H2O2 (hydrogen peroxide)
stress, as for the RNA-seq the genes were submitted to heat
stress and EtOH stress.

First, we performed differential expression analysis to
our data by using edgeR [3] with the RNA-seq data and
Limma [4] with the microarray data.

Second, using our differential expression analysis we
obtained 2708 genes with a p-value < 0.05 for the RNA-seq
data, as for the microarray data we obtained 204 genes for
the salt stress, 4697 genes for the ethanol stress and 4404
genes for the hydrogen peroxide stress, also with a p-value
< 0.05.

Third, we intersected (Fig.2) the microarray differentially
expressed genes in order to verify how many common genes
we would find in all 3 stress situations.

Fourth, we generate all the possible pairs of coding and
non-coding genes for the 2 data types, giving us a total of
1804660 pairs for the RNA-seq data and 2268 pair for the
microarray data. As the number of pairs for the RNA-seq
data is very high we applied filters (the results can be seen
in Table I) to reduce the number of pairs. A threshold of
a minimum correlation of 0.7 (absolute value) was defined.
Both types of correlation are interesting, but if a gene has
a very high negative correlation with another gene, we may
assume that it may be repressing it or even overlapping it
anti-sense.

By adding the non-coding information to the data obtained
from [1] provided us with a better insight how genes are
expressed differentially and will help us in our work by
relating them to the coding genes and providing pairs of
coding/non-coding genes. We are looking for non-coding
genes that are highly negatively correlated with a coding
gene, this will lead to information on non-coding genes that
have a very high probability of being involved in stress
pathways. In Table II we have the number of differentially
expressed coding and non-coding genes for each of the
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Figure 1. MA plot of the relationship between concentration and fold-
change across the gene (RNA-seq data).

Figure 2. Number of genes common to all stress situations.

conditions yeast was submitted to, the middle column ESR
is the number of genes that are known to react to external
stress responses, these are only for the coding genes.

III. DISCUSSION AND FUTURE WORK

Using this type of analysis we were able to get interesting
results regarding coding and non-coding genes that are
involved in stress response. The low number of genes for
the salt stress may be due to the fact that the experiments
were done using a different methodology.
We can verify that we have a different number of pairs on
both types of data, this is due to the initial intersection on the
microarray data. Even so, we submitted our resulting pairs
after the threshold filters to a verification in order to check if
the coding gene of each pair is a known ESR (external stress
response) gene and were able to obtain 236137 pairs for the
RNA-seq data and 1197 pairs for the microarray data.
As a final step we checked the pairs for overlaps between the
coding and non-coding gene and verified that in RNA-seq
184 pairs overlap and in microarray only 3 pairs overlap, this
last value is certainly due to the intersection of the common
genes, which led to a large cut in the possible pairs. From
this resulting number of pairs we chose 22 RNA-seq pairs
that seem good candidates, as they are highly negatively
correlated (< −0.7) and overlap antisense, from microarray
data we chose 2 pairs that seem good candidates, they are
highly negatively correlated (< −0.7) in all 3 experiments
and overlap antisense.
With the latest experiments, we found 29 genes (25 coding
and 4 non coding) that are common to all conditions for
both the RNA-seq data and the microarray data. Comparing
this data with the processed data from [1] we found 4491

Table I
NUMBER OF PAIRS AFTER APPLYING THE CORRELATION FILTER

RNA-seq Microarray

1 Experiment2 Experiments1 Experiment2 Experiments3 experiments

1562129 1055010 2267 2082 823

Table II
NUMBER OF DIFFERENTIALLY EXPRESSED GENES

Condition Coding ESR non-Coding

Salt 1130 141 957

DNA Damage 351 43 436

Alpha Factor 367 37 333

Sorbitol 188 25 208

Oxidative Stress 726 92 920

Heat Shock 442 52 363

Stationary Phase 1398 162 948

SC Media 389 40 452

SC Glycerol Media 143 20 264

High Calcium 279 45 390

Low Nitrogen 729 82 665

Low Phosphate 312 35 371

Calcofluor 117 11 213

Hydroxyurea 224 21 299

Grape Juice 1135 126 832

Benomyl 152 23 292

Congo Red 59 12 148

genes (2583 coding and 1908 non-coding) that are common
in at least 2 of the conditions from all datasets, this validates
previous results obtained by us.
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