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Unfolding the Locale of Membrane Proteins within Cellular Alcove by SVM
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Abstract

The Membrane Proteins (MPs) on the cell membrane, is an ideal targets for drug delivery owing to their distinct
location on the cell membrane and intracellular structure. To locate the multitude of MPs with better accuracy, we
implemented SVM on the Benchmark MP Database, and MemLoci Dataset. A total of 3000 proteins are selected
with 1000 plasma membrane proteins, 1000 internal membrane proteins, and 1000 organelle membrane proteins.
The amino acid sequence of the proteins is converted into Pseudo Amino Acid Code. After feature extraction, the
data is trained and tested, yielding an overall accuracy of 78%. The output is displayed through a Graphical User
Interface (GUI) which discloses the category of MP based on the cellular site where they are residing.
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✦

1 Introduction

L iving cells and the cell organelles are encapsulated
by a protective layer of lipid, known as a

membrane. The proteins associated with these
membranes are the membrane protein (MP). These
proteins have a 20% to 30% contribution to the entire
genome which is cipher only for membrane proteins
[1]. MP act as boundaries or barriers as they separate
the cell its organelles from the outer environment.
They also allow specific molecules or nutrients to
enter or exit. Their transport mechanism relies on
acting as protein channels and ions pump to maintain
homeostasis. They act as carriers, receptors for signal
transduction, intracellular and extracellular signaling
molecules, and also as enzymes, thus playing an
extensive role to carry out cellular activities [2]-[3].
Every membrane protein executes a distinct function,
which is directly associated with its locale within
the cellular alcove. Moreover, the physicochemical
characteristics of the MP depend on Hydrophobicity,
Hydrophilicity, and mass of the side chain along with
the basic framework of the sequence of amino acids.
These MPs have a legitimate structural orientation
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in 3D space based on the presence of Alpha Helical
regions and Beta Barrel proteins [4].
Based on the evolutionary and functional basis,
the MP in eukaryotes is categorized as the plasma
membrane, internal membranes, and organelle
membrane protein. The proteins existing on the
plasma membrane are the plasma membrane proteins.
Internal Membrane Proteins are the MP that
originated from the preliminary prokaryotic plasma
membrane and are resident of the components of the
endomembrane system of the cell. The habitat of the
Organelle Membrane Proteins is the mitochondria
and plastid. Thus, this segregation of MP refers to a
diversified location in the cell which exemplifies their
particular tasks [5].
As the number of protein sequences is increasing
rapidly in the post-genomic era [6]-[7], experimental
biological techniques are antiquated, specifically,
when dealing with a large number of proteins. Thus,
computational techniques have turned out with the
key advantages of rescuing time and expense. Multiple
computational methods including SVM, KNN, gene
ontology, Fuzzy KNN, and tolerance predictors have
been implemented to elucidate the structures and
functions of membrane proteins and their types
[8]-[10].
Machine Learning algorithms extract the locale
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information of a protein from its monomer, the amino
acids. However, this amino acid composition does
not provide adequate information as it only contains
the native twenty components, thus, re-vealing its
composition only. The sequence order of amino acids
is omitted which affects the results. This issue is
resolved by introducing the concept of Pseudo Amino
acid Composition (PseAAC) which incorporate the
sequence order into an amino acid composition. This
incorporation of the arrangement of amino acids in the
protein chain has drastically improved the out-come of
the machine learning algorithms in terms of accuracy
[11]-[14].

2 Literature Survey
The exploration of the literature in this arena has the
given findings.
In 2008, an article reported their work on the
localization of outer membrane proteins only through
some combined features and implemented SVM to
discriminate outer membrane proteins from the other
types [15].
An article was published in 2011, in which researchers
identified the locations of internal, organelle, and
plasma membrane proteins on eukaryotes through
their designed predictor named ‘MemLoci’ and
performed a ten-fold cross-validation test on the
extracted dataset from SwissProt and achieved 70%
accuracy [6].
Then again in 2011, a research question based on the
identification of the location of membrane proteins
was answered by using HMMs and SVM techniques
by taking data from SwissProt. The location of cell
membrane protein, internal, and organelle membrane
protein was identified with an accuracy of 70% [16].
In 2012, research was conducted on membrane
proteins by using the Projected Gene Ontology
Score algorithm to sort out the location problem.
However, this method yields an accuracy of 87% but
the limitation is that it can discriminate between
2 locations only [17].To improve the localization of
membrane proteins, multiple attributes were blended
in a parallel fashion, then a principal component
analytic technique was implemented to reduce the
dimensionality, this work was reported in 2012 [18].
SVM ensemble-based approach was adopted in 2014
to get an accuracy of 63% [19]. In 2018, an innovative
approach BUSCA was adopted by combining different
methods to segregate the location of membrane
proteins from globular proteins [5]. In 2019, Tommaso
Orioli et al. tried to resolve the localization problem

for single-pass and multi-pass membrane proteins.
The proposed approach yields a better outcome for
single-pass proteins, however, for multi-pass proteins
promising results are achieved [15].
In 2020, ‘SCLpred-MEM’ was proposed to locate
whether the unknown protein belongs to membrane
protein or non-membrane protein. This method
makes use of the dataset from UniProtKB and
achieved 81.25% accuracy in five-fold cross-validation.
However, this predictor yielded a better outcome
but the lacking is that it only discriminates whether
the protein is MP or not [20]. The literature search
reveals that machine learning approaches disclosing
the location of membrane proteins are very few,
as the majority of the predictors available are for
identifying the type of Membrane proteins. Another
flaw is that only SVM has been implemented on the
membrane proteins Benchmark dataset, MemLoci,
with 70% accuracy. Any predictor with a better
feature extraction technique including Pseudo Amino
Acid Composition can improve the prediction results
for membrane proteins localization research problems
[21]-[22]. Moreover, the review of the various research
articles demonstrates that the Pseudo amino acid
composition has not been used for the MemLoci
dataset. Thus, we implemented SVM on the MemLoci
dataset with Pseudo Amino Acid composition.

3 Materials and Methods
3.1 Dataset
Mem Loci database is a freely accessible archive,
a collection of the membrane proteins with plasma
membrane, internal membrane, and organelle
membrane proteins as three categories. This database
is initially extracted from the Swiss Prot da-
tabase and is managed by Biocomputing Group
– University of Bologna. The redundancy of the
dataset is already reduced by incorporating a
cut-off threshold value of 20% and is available at
https://mu2py.biocomp.unibo.it/memloci/. From this
database, we extracted 3000 sequences with 1000
sequences of each class of membrane proteins i.e.,
internal, organelle, and plasma membrane proteins.
The sequences were downloaded in FASTA format.

3.2 Feature Extraction
The FASTA Format of the amino acid sequences is
then converted into Pseudo Amino Acid by employ-
ing Chou’s Pseudo Amino Acid Converter (PseAAC)
http://www.csbio.sjtu.edu.cn/bioinf/PseAAC/. The
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6 distinguishing features that exemplify the proper-
ties of membrane proteins are Hydrophobicity, Hy-
drophilicity, pK1(alpha-COOH), pK2 (NH3), pI (Iso-
electric point) and Mass of the side chain. These
features are used to evaluate the impact of various
amino acid positions along the polypeptide chain of
proteins.
We take account of these characteristics while con-
verting into PseAAC for the feature vector. A pro-
tein PseAAC is indicated by more than 20 different
parameters. The first 20 factors relate to elements
of their amino acid makeup with the information of
specific amino acids that are present along the protein
chain, whilst the further factors unfold the sequence
order information with the nitty-gritty of the location
of 1st amino acid, then 2nd amino acid and so on.
We selected the following optimum parameters for
the conversion of Amino Acid sequences into Pseudo
Amino Acid Com-position as:

• Type 2 PseAA Mode, which is the series correla-
tion type and generates discrete values in the form
of 20 + i ∗ λ, where the first 20 values generated
on output are Amino Acid values and reaming
values are related to the characteristic values of
the amino acid sequence.

• 0.05 Weight Factor, which is the order effect
[23],[24],[25].
The protein sequence entered into
the PseAAC converter (available at:
http://www.csbio.sjtu.edu.cn/bioinf/PseAAC/)
yields numeric values as the output in which :
– The first 20 values are of amino acid codes.
– Rest are the values of correlation factors.

3.3 Flow Chart of the Proposed Approach
The proposed approach is based on the extraction of
data from a benchmark membrane protein database
for which the MemLoci Database is selected. Then
feature extraction is done through Pseudo Amino Acid
Converter. After that, MATLAB Software is used for
cross-validation and classification. The outcome of the
proposed predictor is displayed through GUI. Fig 1.
depicts the flow diagram of the proposed framework.

3.4 Support Vector Machine
SVM is a widely used labeled training data classifier
based on discriminating the data into different classes
by generating a hyperplane. This hyperplane split
the data into two distinct categories for binary
classification. However, for multi-class classification,
the one-vs-all approach is used. To unfold the

Fig. 1: Flow chart of the proposed Model

location of three distinct classes of MP, this approach
is employed which makes use of three distinct
binary SVM to discriminate the proteins of a single
Class from the other two classes by creating three
hyperplanes. Thus, a hyperplane line segregates
the Plasma membrane proteins from the Internal
Membrane and Organelle Membrane Proteins. Then
Internal Membrane Proteins are isolated from the
Plasma membrane and Organelle Membrane Proteins
by another hyperplane line. Mathematically, it can be
written as:

{PMP}vs{notPMP}, {IMP}vs

{notIMP}, {OMP}vs{notOMP} (1)

where
PMP = PlasmaMembraneProteins
IMP = InternalMembraneProteins
OMP = OrganelleMembraneProteins

The pictorial representation of the working of the
multi-class classification of the SVM approach is de-
picted in Figure 2.

3.5 Implementation of the Classifier
SVM is applied using MATLAB software and a graph-
ical user interface is created for prediction. The one-
vs-all technique is used to train SVM for the classifi-
cation of multiple classes. Where a dataset of 3000 is
disintegrated into training and testing sets with 2500
sequences for training purposes and 500 sequences for
testing purpose. Fig 3. depicts the proportion of the
training and testing dataset employed in the study.

For the evaluation of the performance of the model,
the hold-out cross-validation technique was used. Then
on the basis of probability, the protein class with the



QUEST RESEARCH JOURNAL, VOL. 21, NO. 01, PP. 39–45, JAN–JUN, 2023 42

Fig. 2: One vs all SVM technique to classify 3 distinct classes of membrane proteins

Fig. 3: Training and Testing set for the proposed
approach

TABLE 1: Overall accuracy yielded by implementing
SVM

ML
Algor-
ithm

Training
Data

Testing
Data Validation

Overall
Accu-
racy

SVM 2500
proteins

500
proteins

Hold out
Cross

Validation
78%

highest probability is detected as the revealed location.
This probabilistic model gives an overall accuracy of
78% and a confusion matrix is also generated. Table 1.
manifests the implementation of the SVM classifier on
the MemLoci dataset.

4 Results

The predicted output is displayed on the GUI in the
form of probability of all the classes with the forecast
of the location of the protein by revealing the actual
class of the protein in a separate bar as the locale
of membrane protein either as an internal membrane
protein or Organelle Membrane Proteins or Plasma
Membrane Proteins in terms of probability. The occur-
rence of sequence similarity is also depicted in terms of
probability between all three protein types, with the
highest probability representing the actual membrane
protein.
Fig 5. depicts the confusion matrix for the three types
of Membrane Proteins with distinct True positive val-
ues (TP), True Negative values (TN), False Positive
values (FP), and False Negative values (FN).

To evaluate the performance of the predictor, six
indicators by published recommendations have been
applied [26]. These indicators are based on a confu-
sion matrix, where data items are categorized as true
positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN), and actual conditions
are contrasted with predicted results. Accuracy is a
substantial parameter to arbitrate the efficiency of
the predictor and is dependent on the number of
truly classified sequences and the total number of test
sequences. Mathematically,

Accuracy = TP + TN

FP + FN + TP + TN
(2)
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Fig. 4: Confusion Matrix for the proposed approach

The ratio of actual positive results to all positive
predictions is known as the positive predictive value
(PPV). Another terminology used for PPV is Precision
and can find out by,

PPV = TP

FP + TP
(3)

Similarly, the ratio of true negative results to all neg-
ative predictions is known as the negative predictive
value (NPV).

NPV = TN

FN + TN
(4)

The False positive rate(FPR) is obtained by False
positive and True negative values.

FPR = FP

FP + TN
(5)

The TP rate divided by the total number of positive
conditions is the sensitivity. It is also referred to as
true positive rate (TPR) and given as,

Sensitivity = TP

FN + TP
(6)

The rate of TP over all of the negative outcomes is
known as the specificity or true negative rate (TNR).

Specificity = TN

FP + TN
(7)

Matthew’s correlation coefficient is regarded as a bal-
anced indicator as it incorporates all the values of the
contingency table.

MCC =
TPxTN − FPxFN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(8)

Specificity, Sensitivity, PPV, and NPV do not
accurately reflect all facets of performance as these

parameters are estimated by using only half of the
data in the contingency table. Therefore, accuracy
and MCC are more balanced, representative, and all-
encompassing than the line- or column-wise metrics.

Table 2 depicts the performance of the predictor
for all the proteins with the values of PPV, NPV,
Sensitivity, Specificity, and Accuracy.

The above scoring indexes for the performance
of the proposed predictor indicate that the internal
membrane proteins are better predicted as compared
to other classes as the Accuracy and the Mathews
Co-relation Coefficient (MCC) have the highest values.

Table 3 depicts the variation in the outcomes of the
proposed approach as compared to other predictors.
The parameters compared are FPR, Recall, and MCC
with MCC as a more authentic statistical measure that
only yields a high score if the pre-diction performed
well in each of the four categories of the confusion
matrix (true positives, false negatives, true negatives,
and false positives). Similarly, a higher value of Recall
is associated with a good prediction quality. It is
evident from Table III that the Recall, and MCC
for the Internal Membrane Proteins, Organelle Mem-
brane Proteins, and Plasma Membrane Proteins are
improved with the adopted method in comparison with
other approaches.

Table 3 portrays the accuracies for the three classes
of membrane proteins with the proposed approach and
Mem-Loci predictor. With the adopted methodology
the accuracy obtained for the Internal Membrane Pro-
teins is 87%, for Organelle Membrane Proteins is 78%
and for Plasma Membrane Proteins is 82%. However,
the outcome in the form of accuracy is abating for all
the 3 categories of MP with MemLoci Predictor.

5 Conclusion
The environment in which proteins function is ex-
clusively determined by their subcellular localization.
As a result, subcellular localization affects protein
function by regulating the availability and access to
all different kinds of interacting molecules including
biomolecules or drugs. Thus, understanding protein
localization frequently plays a key role in defining
the physiological function of speculative and recently
found proteins. Machine Learning Classification aids
in classifying different membrane proteins thus if a
new membrane protein is discovered we can easily
categorize it by inputting the amino acid sequence
in the predictor. Moreover, the correct categorization
of a protein can be helpful in Computer Aided Drug
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TABLE 2: Performance Evaluation of the Proposed PredictorPerformance Evaluation of the Proposed Predictor

PPV NPV FPR Sensitivity Specificity Accuracy MCC
Internal Membrane

Proteins
0.81 0.90 0.10 0.83 0.89 0.87 0.72

Organelle Membrane
Proteins

0.68 0.83 0.15 0.67 0.84 0.78 0.52

Plasma Membrane
Proteins

0.72 0.86 0.12 0.71 0.87 0.82 0.59

TABLE 3: Comparison of the outcome of the proposed approach with MemLoci Predictor

MemLoci
Predictor

Proposed
Approach

FPR (%) Accuracy (%) MCC FPR (%) Accuracy (%) MCC
Internal

Membrane
Proteins

30 72 0.42 10 87 0.72

Organelle
Membrane
Proteins

9 70 0.60 15 78 0.52

Plasma
Membrane

Proteins

15 56 0.43 12 82 0.59

Overall 66 78

Designing in which different drugs (molecules) are
checked by their interaction with the binding sites
of proteins. Therefore, we implemented SVM on the
benchmark dataset MemLoci with Pseudo Amino Acid
Composition as the chosen feature. Multiclass segre-
gation is performed to categorize Membrane proteins
into three distinct classes with optimum results as
compared to the MemLoci predictor. Moreover, our
approach delves one level further than the existing
techniques, it can act as a supplement to those algo-
rithms.
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