z

Available online at http://www.journalcra.com

INTERNATIONAL JOURNAL
OF CURRENT RESEARCH
International Journal of Current Research
Vol. 8, Issue, 05, pp.31156-31160, May, 2016

ISSN: 0975-833X

RESEARCH ARTICLE
PROTEIN DISORDERNESS BASED PREDICTION OF ESSENTIAL GENES
GENES OF SACCAHROMYCES
CEREVISIAE: A MACHINE LEARNING APPROACH
1Partha

Sarathi Das, 2,3Sandip Chakroborty, 1Keshab Chandra Mondal, 2Tapash Chandra Ghosh
and *,1Bikas Ranjan Pati
1Bioinformatics

Infrastructure Facility, Department of Microbiology, Vidyasagar University,
Medinipur, India Pin-721102
2Bioinformatics Centre, Bose Institute, Kolkata, India Pin-700054
700054
3Department of Biology, University of Nevada, Reno, USA, Pin-NV
NV 89557

ARTICLE INFO

ABSTRACT

Article History:

Protein structure is phyletically conserved to serve its specific functions. But several proteins are
found to be partially lacking a definite folded structure under specific conditions and this is known as
disorderness. Intrinsically disordered proteins serve many important ffunctions of the cell. Essential
genes of an organism refer to the minimal gene set among the genome, mutation in any of which may
confer a lethal or non-fertile
non fertile phenotype. Essential genes show high phyletic retention and high degree
of conservation. Thus comparison
comparison on the basis of disorderness of the proteins encoded by essential
and non-essential
non essential genes may form a basis of segregation between these two kinds of genes. A machine
learning framework using neural network as a classifier was implemented here whi
which could
successfully segregate the essential genes from non-essential
non essential ones.
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INTRODUCTION
Protein structure is conserved to serve its function, but it is also
seen that certain proteins lack a definite folded structure under
certain physiological conditions like pH 7 and 250C (Uversky
et al, Tompa et al).
). It does not contradict with the conservation
of the overall structure of the proteins,
oteins, because only a certain
part of the protein is found to be in disordered state. The
disorder serves to play important roles in interactions with
other proteins or DNA. These proteins are also found to be
‘adaptive’(Gunasekharan et al)) RNA and protein chaperones,
transcriptional regulators, signal transduction proteins, ion
channels, and motor proteins are commonly found to have
disordered regions (Dunker et al, Wright et al,
al Dyson et al,
Demchenko et al).
). Thus disordered proteins could
coul play crucial
roles to keep the cell alive and in controlling gene expression.
Studies on disordered proteins have revealed that certain amino

acids occur in disordered regions, which have been termed
disorder promoting (Campen et al, Wang et al) and various
predictors have been designed on this theory (Campen et al,
Ferron et al). Estimations of disordered fractions of many
proteins from the proteomes of many species has been done
with validations of the level of predictability (Dunker
et al. (2000), Romero et al, Campen et al, Uversky et al.) In
few interesting studies,
ies, the functional distributions of predicted
disordered proteins were performed. At least 20 different
proteins were studied using 710 Swiss Protein Functional
keywords. It was found from that out of those 302 of the
indicated functions were carried out by structured proteins
while disordered proteins or disordered regions carried out
around 238 of the functions (Xie
Xie et al). These functions by the
latter group included signalling, regulation and control which is
crucial for the life of the organism and al
also for its fertility.
Essential genes
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The genome of an organism characterizes the complete set of
genes that it is capable of encoding. However, not all of the
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genes are transcribed and translated under any defined
condition. The robustness that an organism exhibits to
environmental perturbations is partly conferred by the genes
that are constitutively expressed under all the conditions, and
partly by a subset of genes that are induced under the defined
conditions. An essential gene is defined here as a gene
necessary for growth to a fertile adult. (Kemphues). Essential
genes of an organism constitute its minimal gene set, which is
the smallest possible group of genes that would be sufficient to
sustain a functioning cellular life form under the most
favorable conditions (Kunin et al, Glass et al). The deletion of
only one of these genes is sufficient to confer a lethal
phenotype on an organism regardless the presence of remaining
genes. Therefore, the functions encoded by essential genes are
crucial for survival and could be considered as a foundation of
life itself. The identification of essential genes is important not
only for the understanding of the minimal requirements for
cellular life, but also forpractical purposes. For example, since
most antibiotics target essential cellular processes, essential
gene products of microbial cells are promising new targets for
such drugs (Sarangi et al).
The prediction and discovery of essential genes have been
performed by experimental procedures such as single gene
knockouts, RNA interference and conditional knockouts
(Gustafson), but these techniques require a large investment of
time and resources and they are not always feasible.
Considering these experimental constraints, a computational
approach capable of accurately predicting essential genes
would be of great value. For prediction of essential genes, some
investigators have implemented computational approaches in
which most are based on sequence features of genes and
proteins with or without homology comparison (Seringhaus et
al). Sometimes the protein-protein interaction data and proteinprotein networks have also been employed for detection of
essentiality (Gabriel del Rio et al)
Implementation of machine learning techniques to predict
microbial essential genes
Several attempts have been made to identify essential genes of
prokaryotes through wet lab and in-silico techniques. In most
cases the experimental basis of identifying essential genes of
the organisms in the wet lab has been gene knock-out
experiments (Kemphues et al) where a mutant was raised with
a single gene “knocked out” and observation was recorded
whether the mutation was lethal or if the organism was able to
grow as a fertile being or not (Karp, Palsson). This is a very
cumbersome task and needs huge sampling to validate the test
cases. This has been successful in case of organisms like E. coli
(Baba et al), S. cerevisae (Smith et al) , Mus musculus (Bult
et al.) etc. All these works have met varying degrees of
success. In-silico techniques and machine learning methods
have been attempted to predict the essential genes of the
organisms mentioned above (Plaimas et al, Chen et al, Heber et
al). The availability of the protein-protein interaction networks
have made this possible (Gong et al).In some cases this system
has been used to predict disease causing genes of prokaryotes.
Various wet lab experiments have been performed to identify
the essential genes of S. cerevisiae and a database has been
created under DEG (Database of Essential Genes) (Zhang,

2009). DEG 5.0 has been hosted which contains information
about essential genes of 14 different prokaryotes and 6
eukaryotes. In the database it is interesting to note that for the
yeast (Saccharomyces cerevisiae) 1110 essential genes have
been identified with high confidence. The machine learning
techniques
have been applied in different fields of
bioinformatics (Brown et al, Furey et al) but little work has
been done to identify essential genes or proteins of yeast. The
speciality of the application of machine learning techniques lies
to the fact that based on the data available on the cause and
effect relationships, where the underlying reason is not clear or
is not taught to the analytical system, still the machine learning
system can create its own equations and may predict outcomes
with the given variables which was not taught to it earlier.
Through statistical methods like cross validation and
performance measurements the accuracy etc. can be determined
which proves the effectiveness of its predictability.

MATERIALS AND METHODS
Sequences of the genes of S. cerevisiae were downloaded from
Ensemble (www.ensmbl.org) using R Programming
environment. BiomaRt package of R (Smedley et al., Durnick
et al.) was used to extract the data from the Ensemble server
(Biomart). The information about essential genes were
downloaded from the Database of Essential Genes (DEG
version 5)(Zhang et al).This information was used to segregate
the yeast proteins among essential and non-essential types. The
disorderness of the proteins can be characterised by two
parameters, viz. percentage of disorder and length of disorder.
The length of disorder (dis_lengh) was calculated from Fold
index, a web based tool based on Uversky et al which can be
accessed at http://bip.weizmann.ac.il/fldbin/findex. The default
parametric values were used during prediction of disorderness
for both essential and non-essential proteins used for training
the classifier. For machine learning framework, Rapidminer
version 5.3.015 (community edition), a widely accepted open
source software environment for predictive analytics was used.
The dataset employed here included 2564 S. cerevisiae
proteins, out of which 577 were essential and the rest i.e
1987were non-essential ones. As per the requirement of
Rapidminer, the data were formatted and arranged in a. csv file
for further analysis.
The essential design of the system was reading the data from
csv file and then assigning roles. The names of the yeast
proteins were used as unique identifier (ID) and the case
whether the particular protein was essential or not was used as
label or outcome. The metadata are presented in Figure 1 The
data were channelized through a ten-fold cross-validation. The
cross validation is a statistically accepted measure for
evaluation of the performance of a machine learning algorithm.
The X-Validation operator in Rapidminer is a nested operator.
It has two subprocesses: a training subprocess and a testing
subprocess. The training subprocess is used for training a
model. The trained model is then applied in the testing
subprocess. The performance of the model is also measured
during the testing phase. In ten-fold cross validation, shuffled
sampling was used, which first shuffled the entire data, then
selected 10% of that dataset and kept in a block. From the
entire dataset, ten such blocks were produced.
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Figure 1. Metadata view of the Essential and non-essential proteins incorporated under the study

Fig. 2. The read CSV and cross validation operators of Rapidminer

Figure 3. The nested portion of the machine learning setup

In the first instance, the rest of the 90% data were trained with
the given classifier, and then the block of 10% data were used
to test the accuracy of prediction. The accuracy of the
prediction was noted against the label (which was not exposed
to the algorithm during prediction) and this is the performance
of the prediction. The performance was recorded by the system
and the process was repeated, this time the second block of the
10% data being used for testing while the rest of the data
(including the first block mentioned above) was used for
training.
The performance was recorded again. The entire process was
repeated in a loop till the tenth block of the 10% data was used
for testing. The averages of ten performances were to conclude
the overall performance of the classifier. This method, thus
eliminates chances of over fitting and biases in the training and
performance measurements.

Figure 2 describes the arrangement of the operators. In the
process of training and evaluation, neural network was used as
a classifier. A neural network is a powerful computational data
model that is able to capture and represent complex
input/output relationships and thus this classifier was used for
analysis. The parameters used for neural network were as
follows: Hidden layers:1, Training cycles: 500, Learning
rate:0.3 and Momentum 0.2. This operator along with the
model application and performance evaluation for each cycle is
given in Figure 3, which runs in a nesting loop till the last
block of the data is used for evaluation of performance. The
machine learning framework using neural network as a
classifier could predict essential genes with 77.50 percent
accuracy. The classification error was found to be 22.50% only.
This proves that many essential genes possess fair amount of
disorderness which enable them to perform crucial and
essential functions of the cell.
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RESULTS AND DISCUSSION
The measurement of percentage of disorder and length of
disorder can provide a fair idea about the essentiality of the
protein and this kind of machine learning framework can
provide basis of automated prediction of essentiality of the
protein (and its corresponding gene) in an easy and successful
manner. This method provides an alternative to the cumbersome
wet lab methods of detecting essential genes. Thus it could
provide useful insights towards understanding the essential
functions of the cell. These essential genes can also be used as
an effective target for novel drugs.
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