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Pluripotency is a unique property of stem cells that allows them to differentiate into all types of adult cells or maintain
the self-renewal property. PluriPred predicts whether a protein is involved in pluripotency from primary protein
sequence using manually curated pluripotent proteins as training datasets. Machine learning techniques (MLTs) such
as Support Vector Machine (SVM), Naïve Base (NB), Random Forest (RF), and sequence alignment technique
BLAST were used in our study. The combination of SVM and PSI-BLAST was our proposed best model, which
obtained a sensitivity of 77.40%, specificity of 79.72%, accuracy of 79.2%, and area under the ROC curve was 0.82
using 5-fold cross-validation. Furthermore, PluriPred gives the confidence of the prediction from training dataset’s
SVM score distribution and p-value from BLAST. We validated our proposed model with the other existing highthroughput studies using blind/independent datasets. Using PluriPred, 233 novel core and 323 novel extended core
pluripotent proteins from mouse proteome, and 167 novel core and 385 extended core pluripotent proteins from
human proteome, were predicted with high confidence. The Web application of PluriPred is available from bicresources.jcbose.ac.in/ssaha4/pluripred/. Many pluripotent genes/proteins take part in protein-protein networks associated with stem cell, cancer, and developmental biology, and we believe that PluriPred will help in these research.
[Mandal SD and Saha S 2016 PluriPred: A Web server for predicting proteins involved in pluripotent network. J. Biosci. 41 743–750]

1.

Introduction

Studies on stem cells show that there are many proteins involved
in pluripotency besides the key transcription factors Pou5f1
(Oct4), Sox2 and Nanog (Boyer et al. 2005). Pluripotency is
the property of the cell by which cell can self-renew infinitely or
differentiate into any adult cell type. Pluripotent stem cells
include embryonic stem cells (ESCs), epiblast stem cells
(EpiSCs), induced pluripotent stem cells (iPSCs) and newly
developed F1 class cells (Tonge et al. 2014). In 2006, Shinya
Yamanaka’s group successfully reprogrammed mouse fibroblasts into iPS cells, and identified four transcription factors –
Oct4, Sox2, c-Myc and Klf4 – are the crucial factors for reprogramming (Takahashi and Yamanaka 2006). So the study of
Keywords.

pluripotent proteins is necessary for therapeutic applications
such as making regenerative medicine.
There are a few high-throughput studies performed in stem
cell, highlighting pluripotent genes/proteins. PluriNetwork was
developed based on manually curated mouse pluripotent genes
from embryonic stem cells and epiblast stem cells (Som et al.
2010). PluriNet, a human pluripotent network constructed using
gene expression data and ESCAPE, a database for pluripotent
genes/proteins using RNAi studies, expand the list of pluripotent
proteins (Muller et al. 2008; Xu et al. 2013). But surprisingly the
overlap between pluripotent proteins/genes of different resources
is very low. So there may be many novel proteins/genes that are
important yet to be discovered. Machine learning technique
(MLT) can be a useful method for predicting novel proteins,
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which are important in pluripotency from the existing knowledge
about pluripotent proteins.
There are some SVM-based classifiers published for predicting pluripotent genes/proteins (Xu et al. 2010; Scheubert
et al. 2011). These methods are based on microarray expression data and are not incorporated into any Web-based
prediction server. However, there is a Web server,
WCTDS, published in 2014 where only pluripotent cell
types are predicted instead of pluripotent gene/proteins
(Wang et al. 2014a). To the best of our knowledge, there
no such Web server where pluripotent genes/proteins are
predicted using experimentally validated dataset. In our
study, we compared different MLTs and BLAST and the
combination of best performed MLTs and BLAST. A hybrid
model, a combination of SVM and BLAST, gave the best
result. So, in PluriPred Web server, users can predict novel
pluripotent proteins using a hybrid model of SVM and
BLAST search. Pluripotent proteins are not only involved
in pluripotency, but also have a role in the developmental
process, growth and cell cycle. This server not only helps in
pluripotent stem cell research, but can also contribute to
research in development biology and cancer biology.
2.

Methods

2.1

Datasets

2.1.1 Positive dataset: PluriNetwork is a manually curated
protein-protein interaction pluripotent network containing
274 mouse genes/proteins, which have direct evidence of
involvement in pluripotency. Out of them, 270 gene ids were
matched and used as the positive training set to train the
SVM model as well as making the database for BLAST
search.
2.1.2 Negative dataset: Around 2785 genes were randomly
selected from UniProt for mouse genome, which were not
annotated in gene ontology with term, such as growth
(GO:0040007, level 1), developmental process (GO:
0032502, level 1), cell proliferation (GO:0008283, level 1),
cell differentiation (GO:0030154, level 4) (The UniProt
Consortium 2015). CD-Hit was used for removing redundant
genes with similar type of amino acid sequences (Li and
Godzik 2006). We selected sequence identity cut-off of 30%
which represent the threshold of similarity between FASTA
sequences in clusters of proteins/genes and took the representative of the clusters. Finally, we manually deleted a few
genes which were closely related. In total, 932 genes were
found which were used as a negative dataset.
2.1.3 Blind set: Two high-throughput studies, ESCAPE
database and PluriNet, were used for constructing blind
sets by discarding the proteins used in 5-fold cross
J. Biosci. 41(4), December 2016

validation. These datasets have an indirect link with
the pluripotency state. First blind set, from ESCAPE
database, where genome-wide RNAi screening was used
for identifying pluripotent genes. In ESCAPE database
among 640 entries, 418 have UniProtKB/Swiss-Prot
accession numbers. By gene enrichment analysis of
these 418 genes using FuncAssociate v.2 and eliminating the set of genes/proteins already used in positive
training dataset, the first blind set was constructed
(Berriz et al. 2009). To enrich the true pluripotent
proteins, we took 117 genes with gene ontology term
developmental process (GO: 0032502, level 1) as the
first blind set. The second blind set was from PluriNet,
which is the first human pluripotent network constructed from expression data. By deleting homologous
genes of the mouse genome, which were in the positive
training dataset, we obtained 266 genes/proteins, which
were used for validating our model as species
independent.
2.1.4 Unknown set: On 20 may, 2015, FASTA sequences of
16,232 mouse genes and 20,193 human genes were collected
from UniProtKB and scanned with the optimal model for
predicting novel pluripotent genes/proteins.
All datasets are available in the ABOUT page of our Web
server.
2.2

Feature vector

Several genomic, primary protein sequence and topological
features were used for training of the SVM model. In
BLAST, we used the amino acid sequence of the proteins
for making a database for matching with input protein. The
six genomic features such as GC%, transcription count,
maximum CDS length, maximum 5’UTR length, maximum
3′UTR length and dN/dS. For the missing value of dN/dS,
we took the average value of the training set. There are 20
features for the percentage of amino acid composition
(AAC), 400 (20×20) features for dipeptide composition,
and 343 (7×7×7) features for triad features.
2.2.1 Amino acid composition: Amino acid composition is
the percentage of each amino acid present in a protein. The
percentage of each amino acid in a protein was calculated by
the following equation:
Percentage of amino acid ðiÞ
¼

number of amino acid ðiÞ in the protein
total number of amino acids in the protein
 100

where i can be any natural amino acid.

ð1Þ
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2.2.2 Dipeptide composition: The percentage of each
dipeptide in a protein was calculated by the following
equation:
Percentage of dipeptide d ði; jÞ
¼

number of dipepeptide d ði; jÞ in the protein
total number of dipeptides in the protein
 100

ð2Þ

where d(i,j) is any dipeptide out of 400 possible dipeptides,
and, if L is the number of amino acids in a protein, then L−1
is total number of dipeptides in the protein.

2.2.3 Triad frequency: Twenty amino acids were grouped
into seven different clusters according to their dipoles
and volume of their side chains. The seven clusters are
[AGV], [ILFP], [YMTS], [HNOW], [RK], [DE] and [C]
respectively. The representation of three consecutive
amino acids from these clusters is defined as a triad,
and the total number of such triads is 7×7×7=343. The
percentage of any triad is calculated by the following
equation:

(Altschul et al. 1997). The E-value obtained for a
PSI-BLAST alignment can be used as a guide whether two sequences are related or not. We used
BLAST+ application tool for PSI-BLAST search
(Camacho et al. 2009). We used the positive dataset
of 270 experimentally validated pluripotent protein
sequences for developing the database used in
BLAST search.
2.3.3 Hybrid model: We proposed a hybrid model combining
output result of SVM and PSI-BLAST. The algorithm of the
hybrid model has been shown in algorithm 1.
Algorithm 1 Algorithm of hybrid model

Percentage of a triad t ði; j; k Þ
¼

number of C ðiÞC ð jÞC ðk Þ
L−2

ð3Þ

where i, j, and k represent three different amino acids in a
triad t where amino acid i is followed by j, and j is followed
by k. C(i) represents the cluster in which the amino acid
belongs, and L is the length of the amino acid sequence in
the protein.
Another feature is a topological feature, which is the
degree of the gene/protein calculated from the number of
protein-protein interactions among mouse genes/proteins
from IntAct database (Orchard et al. 2014).

2.3

Techniques and tools

2.3.1 Machine learning techniques: We utilized different
supervised machine learning techniques which include
Random Forest (RF), Naive Bayes (NB) and SVM, in our
study. WEKA tool was used for RF and NB (Hall et al.
2009). SVM is a mathematical model defined over a vector
space to find a hyperplane which maximizes the margin
between two different classes. We used SVMlight tool for
our experiment, which allows users to select different kernels
like linear, polynomial, radial basis function (RBF)
(Joachims 1999).
2.3.2 PSI-BLAST: PSI-BLAST provides a means of
detecting distance relationships between proteins

2.4

Threshold dependent and independent performance
measures

All the results of 5-fold cross validation and blind set performance were computed by measuring sensitivity, specificity, accuracy, positive predicted value (PPV), negative
predictive value (NPV) and Matthews correlation coefficient
(MCC). The mathematical equation used for sensitivity,
specificity, accuracy, PPV and MCC were as in (Saha and
Raghava 2006).
We also used the area under the curve (AUC) of
the receiver operating characteristic (ROC) plot of
different methods to analyze the result of different
models.
2.5

Confidence measure for the prediction

2.5.1 Confidence measurement of prediction based on SVM
score: If we plot a histogram of a population with a
bandwidth W, Fi is the frequency of within a particular
bandwidth, and total size of the population is N then the
density Di is Fi/(W×N), in this bandwidth.
If we multiply density with the bandwidth then we
will get the relative frequency of the population for the
bandwidth. The sum of all relative frequency is 1. So if
we plot relative frequency density curve, then the area
J. Biosci. 41(4), December 2016
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under the curve will be 1, and it represents the probability density function of the population
X

Di  W ¼

X

X .
Fi
W ¼
Fi N ¼ 1
W N

as

X

Fi ¼ N

In our model, if we plot relative frequency of the positive
training dataset as well as of negative training dataset, it will
reflect the probability density functions of the positive training dataset and negative training dataset respectively. From
there we can predict whether the protein is important or not
for pluripotency from their SVM score that we denote in the
terms of positiveness and negativeness.
&

&

Positiveness: Positiveness of a protein denotes the chance
that the protein is important in pluripotency. We calculated
positiveness of a protein by the probability P(X<S) where
S is the SVM score of the protein and X is a random
variable in the probability density function of the positive
training dataset. This P(X<S) is the percentage of proteins
having lower SVM score in the positive training dataset
than the SVM score of the protein. Supplementary
figure 1A is an example of the probability density function
of the positive training dataset, and the red shaded area is
the percentage of the proteins having the lower SVM score
than the corresponding protein's SVM score, which is the
positiveness of the protein.
Negativeness: Negativeness of a protein denotes the chance
that the protein is not important in pluripotency. We calculated negativeness of a protein by taking the percentage of
proteins having higher SVM score than the SVM score of
the protein in the negative training dataset, represented by
P(X>S), where S is the SVM score of the protein and X is a
random variable in probability density function of the negative training dataset. Supplementary figure 1B is an example
of the probability density function of the negative training
dataset and the blue shaded area is the percentage of the
proteins having higher SVM score than the corresponding
protein's SVM score, which is the negativeness of the protein.

2.5.2 Confidence measurement of prediction based on Evalue of BLAST search: The confidence of a protein to be
pluripotent is also calculated in term of p-value from BLAST
search. The p-value is calculated from E by the equation is P
= 1 – eE.

Figure 1. Density plot distribution of the predicted SVM score of
16332 mouse genes. The optimum SVM model was used to predict
pluripotency associated proteins in the entire mouse proteome from
Swiss-Prot. The extreme values in the right tail of the distribution
are highest confident positive predictive outcome.

3.
3.1

Results

Comparison of different model and method selection

At first, we compared the performance of 5-fold cross-validations of three MLTs (SVM, NB and RF). We observed
SVM gave better performance with respect to other MLTs
like RF and NB, as shown in table 1. The optimized
parameters used in RBF kernel of SVM were gamma
(g) value of 0.01, cost (j) factor of 2 and trade-off
between training error and margin (c) of 1. Then we
constructed a hybrid model combining SVM with
BLAST and table 2 indicates that it gave better balanced
performance measure with respect to only SVM or
BLAST with the sensitivity of 77.40%, specificity of
79.72%, accuracy of 79.2% and area under the ROC
curve was 0.82. The rationale for developing a hybrid
model where only negatives of BLAST are used into
SVM is the higher PPV value of BLAST as compared
to the SVM modules alone (table 2). Supplementary

Table 1. The five-fold cross-validation performance of Naïve Bayes, Random Forest and SVM using amino acid and triad frequency as
combined features.
Machine learning method

Sensitivity

Specificity

Accuracy

PPV

NPV

MCC

ROC area

Naive Bayes
Random forest
SVM

71.85
4.44
72.96

48.18
99.89
71.67

53.49
78.45
71.96

28.66
92.31
43.09

85.52
78.30
90.15

0.17
0.17
0.39

0.64
0.72
0.77
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Table 2. The five-fold cross validation performance of SVM alone using different features, BLAST and hybrid models (SVM+BLAST).
In the hybrid model, only the negatives of BLAST search result were used in SVM model for analysis.
Method
SVM(Amino
SVM(Amino
BLAST
SVM(Amino
SVM(Amino

acid and dipeptide)
acid and triad)
acid and dipeptide)+BLAST
acid and triad)+BLAST

Sensitivity

Specificity

Accuracy

PPV

NPV

MCC

ROC area

71.85
72.96
60.74
77.40
78.52

70.38
71.67
91.85
79.72
77.89

70.71
71.96
84.86
79.20
78.04

41.41
43.09
68.33
52.51
50.72

89.62
90.15
90.87
92.51
92.60

0.36
0.39
0.55
0.51
49.44

0.78
0.77
0.76
0.82
0.82

figure 2 shows the ROC plot for those models.
Supplementary tables 1–5 depict the result across the
different threshold and significant E-value for those
models. In supplementary table 3 shows performance
of BLAST at different E-value as threshold. At E-value
of 0.01 we obtained a comparable balanced sensitivity
and PPV, so we used 0.01 E-value threshold for measuring the performance of the hybrid model.

3.2

Comparison of different features and feature selection

We measured the performance of 5-fold cross validations
using all possible combinations of the features for SVM
input using RBF kernel. The performances of different combinations of features were reported in supplementary table 6.
We found that the combination of amino acid composition,
dipeptide composition, triad composition and topological
feature gives the best performance. Further, we performed
Student’s t-test to identify the particular amino acids,

dipeptides and triads that were biased in discriminating the
positive and the negative data sets. It was observed that 11
amino acid residues, 98 dipeptides and 56 triad features were
significantly different at the p-value<0.05 (supplementary
tables 11–13). The major drawback of using topological
properties is that it changes frequently and does not consider
the proteins with no protein–protein interaction data available. So we had selected the best-performing feature without
the topological feature for our study and also for developing
the Web server. SVM model using the combination of percentage of amino acid and dipeptide composition as feature
vectors with a sensitivity of 71.48%, specificity of 71.78%
and using the combination of percentage of amino acid and
triad composition as feature vectors with a sensitivity of
72.96%, specificity of 71.67%. This two SVM model gave
the comparatively best performance for SVM without the
topological feature. We considered the SVM threshold with
balanced sensitivity and specificity for comparing the performance of the different model. For BLAST, amino acid
sequence of protein was used.

3.3

Figure 2. Density plot distribution of the predicted SVM score of
20,193 human genes. The optimum SVM model was used to
predict pluripotency associated proteins in the entire human proteome from Swiss-Prot. The extreme values in the right tail of the
distribution are highest confident positive predictive outcome.

Result of blind sets

We validated our model with positive blind sets as there was
no such experimental proven negative data set. So we
obtained sensitivity, accuracy and PPV as performance
measures for blind sets and value of these measures were
equal. For the blind set from ESCAPE database, we obtained
the sensitivity of 55.56% for the hybrid model using the
percentage of amino acid and dipeptide composition as feature vectors of SVM at −0.2 SVM score threshold and 0.01
significant E-value for BLAST search where we obtained the
best performance in 5-fold cross validations for the model.
We also obtained the sensitivity of around 53% for the
hybrid model using the percentage of amino acid and triad
composition as the feature vector for SVM at the SVM
threshold of −0.25 and 0.01 significant E-value for BLAST
search where we obtained the best result for the model.
For the blind set from PluriNet, we obtained the sensitivity of 56.02% for the hybrid model using the percentage of
amino acid and dipeptide composition as feature vectors of
J. Biosci. 41(4), December 2016
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SVM at -0.6 SVM score threshold where we obtained the
sensitivity of 86.67%, accuracy of 66.97% and PPV of
39.33%. Whereas we obtained the sensitivity of 55.26% for
the hybrid model using the percentage of amino acid and
triad composition as feature vectors of SVM at −0.7 SVM
score threshold where we obtained the sensitivity of 87.78%,
accuracy of 62.90% and PPV of 36.46%. Performances of
the blind sets across different SVM score threshold and 0.01
significant E-value for BLAST search have shown in supplementary table 7-10.

3.4

Result of large unknown dataset

We evaluated all Swiss-Prot proteins of mouse and human
from UniProt by the hybrid method but in a different way.
We predicted a gene/protein was involved in pluripotency
that was predicted by SVM using amino acid and triad
composition as features and also by BLAST for reducing
false positive. The tail at a right axis of the density plots
(figures 1–2) of all the prediction SVM scores of Swiss-Prot
proteins of the mouse (16332 proteins) and human (20193
proteins) started at prediction score 0.5 and from 0.8 it
becomes parallel to x-axis but not touch the axis. The predictions score falling in the tail have very high chance of
pluripotent. So at 0.8 SVM thresholds, we obtained the core
pluripotent genes/proteins with very high confidence and at

SVM threshold 0.5 we obtained extended pluripotent proteins, which also have the high confidence to be pluripotent.
Finally, for mouse, we obtained 233 novel core pluripotent
proteins and 323 novel extended pluripotent proteins. We
obtained 167 novel core pluripotent and 385 extended pluripotent proteins for the human model. Figure 3 is the Venn
diagram of predicted pluripotent proteins by SVM and
BLAST as well as with positive training datasets.
Among these 323 mouse genes 192 and out of these 385
human genes, 224 genes were related to gene ontology term
developmental process (GO: 0032502, level 1) after gene
enrichment analysis by FuncAssociate v.2 reported in supplementary table 14. Two networks were also created using
NetVenn, which showed the protein-protein interactions of
newly predicted pluripotent proteins and positive training set
with known core pluripotent transcription factors (Sox2,
Nanog and Pou5f1) for mouse and human models (Wang
et al. 2014b). The networks were shown in figure 4A and B.
4.

Discussion

Although a lot of experimental work is carried out in stem
cell research, the computational tools and prediction Web
servers are still lacking. There are a few studies carried out
using SVM for predicting pluripotent genes using gene
expression dataset (Xu et al. 2010; Scheubert et al. 2011).

Figure 3. (1A, 2A) The Venn diagram of predicted pluripotent proteins by SVM and BLAST search of 16,232 mouse proteins and 20,193
human proteins respectively. (1B, 2B) Venn diagram of proteins common to SVM and BLAST predictions with the positive training set.
J. Biosci. 41(4), December 2016
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Figure 4. (A) Protein–protein interactions of pluripotent proteins that were predicted from all Swiss-Prot mouse proteins and are
associated with core pluripotent transcription factors like Sox2, Pou5f1 and Nanog (yellow nodes). Blue nodes are the newly predicted
pluripotent proteins that are not in the positive training dataset and red nodes are predicted pluripotent proteins that also in the positive
training dataset. (B) Protein–protein interactions of pluripotent proteins that were predicted from all Swiss-Prot human proteins and are
associated with core pluripotent transcription factors like SOX2, POU5F1 and NANOG (yellow nodes). Blue nodes are the newly predicted
pluripotent proteins that are not in the positive training dataset and red nodes are predicted pluripotent proteins that are also in the positive
training dataset.

The expression data itself contains many false positives and it
is not easy to implement in Web server where expression data
is required for inputs. Here, we developed PluriPred, which is
a sequence-based prediction method and it predicts whether a
protein is involved in pluripotency. PluriPred is the first
prediction web server for predicting proteins involved in
pluripotent network to the best of our knowledge. We have
tested the expression data used in developing the models by
others as blind dataset and achieved an AUC of 82%.
The aim of this study is to identify novel pluripotent
proteins to expand the pluripotent protein list. In our datasets,
BLAST result showed high specificity and low sensitivity,
whereas SVM shows high sensitivity comparatively. So taken together, we give priority to positive hit BLAST, and in
the absence of BLAST hit we used SVM threshold value to
predict the outcome. Table 2 shows the combination of SVM
and BLAST using amino acid and dipeptide composition or
amino acid and triad composition as feature vectors gave
comparative better prediction performance with high sensitivity and specificity. There is well-known fact that high
throughput studies contain false positive. This may be the
reason for getting 55.56% of pluripotent proteins of ESCAPE
database and 56.02% of pluripotent proteins of PluriNet were
predicted as pluripotent by our proposed model. The proteinprotein networks (figure 4A and B) shows many newly
predicted proteins interact with the known core pluripotent
transcription factors (Sox2, Nanog and Pou5f1), which implicates that those proteins have an important role in pluripotent

network. Gene enrichment analysis shows that positively
predicted pluripotent genes are also involved in the developmental process. So it may help developmental biology.
5.

Web implementation

The Web server was constructed in HTML, PHP, and jQuery
for better user interactivity. In the backend Apache tomcat
server, Perl, R programming language, MySql for database
search and BLAST+ for BLAST search were used.
5.1

Input

Users can give input in two ways one is from ‘Home page’ in
the submission form and another is from ‘Browse page’. In the
‘home page’ of the Web server shown in supplementary
figure 3.A, users can provide one or more protein sequences
in FASTA format as input, either by copy-pasting them in a text
area or by uploading a plain text file with the proteins’ amino
acid sequences in the form FASTA format. Alternatively, the
users can choose one or more proteins’ amino acid sequences in
FASTA format from ‘browse page’ by selecting the proteins
which will automatically retrieve the proteins’ sequence from
our database, containing the amino acid sequence in FASTA
format of all Swiss-Prot proteins of the mouse. supplementary
figure 3.B shows the snapshot of ‘browse page’. In SVM
method, the optimized parameters of RBF kernel giving the
J. Biosci. 41(4), December 2016

750

SD Mandal and S Saha

best performance in five-fold cross validation studies were used
in the Web server as default parameters. In case of BLAST
search, the default E-value is 0.01 was used, however, the users
are allowed to set the E-value.
Users can also get step by step help from the help page
available at http://bicresources.jcbose.ac.in/ssaha4/
pluripred/help.php.
5.2

Output

Users will get the result in two formats. One is in tabular form, as
shown in the supplementary figure 4A and another is in graphical
form, as in the supplementary figure 4B. In tabular form users will
get information about the prediction of our Web-based tool on
whether the protein has a role in pluripotency. It will also contain
the confidence of the protein involve in pluripotency or not by
giving the chance of pluripotent from SVM score and p-value
from BLAST. The consensus and disagreement of SVM and
BLAST results are shown in a tabular format. In graphical format,
one graph and one pie chart will be displayed. The graph will
show the probability density function of the SVM scores of
positive and negative training datasets. The pie chart will give
the summary of the prediction result.
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