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A B S T R A C T

The Gene or DNA sequence in every cell does not control genetic properties on its own; Rather, this is done
through the translation of DNA into protein and subsequent formation of a certain 3D structure. The biological
function of a protein is tightly connected to its specific 3D structure. Prediction of the protein secondary
structure is a crucial intermediate step towards elucidating its 3D structure and function. Traditional experi-
mental methods for prediction of protein structure are expensive and time-consuming. Nevertheless, the average
accuracy of the suggested solutions has hardly reached beyond 80%. The possible underlying reasons are the
ambiguous sequence-structure relation, noise in input protein data, class imbalance, and the high dimensionality
of the encoding schemes. Furthermore, we utilize a compound string dissimilarity measure to directly interpret
protein sequence content and avoid information loss. In order to improve accuracy, we employ two different
classifiers including support vector machine and fuzzy nearest neighbor and collectively aggregate the classi-
fication outcomes to infer the final protein structures. We conduct comprehensive experiments to compare our
model with the current state-of-the-art approaches. The experimental results demonstrate that given a set of
input sequences, our multi-component framework can accurately predict the protein structure. Nevertheless, the
effectiveness of our unified model can be further enhanced through framework configuration.

1. Introduction

In this paper, we focus on interpreting the sequential string data
which is crucial to many applications including bioinformatics and
molecular biology. In the context of computational biology, prediction
of protein secondary structure from the input string sequences is the
ground to foster protein function determination and design better drugs
[15,53,58]. Hence, given protein sequences composed of amino-acid
molecules, our aim is to predict the secondary structure that each
amino-acid adopts through a classification paradigm. In Fig. 1, the top
string chain illustrates a protein sequence. Each letter of this sequence
represents an amino-acid molecule. Our aim is to assign each amino-
acid molecule to one of three classes of protein secondary structure
named as α-helix (H), β-sheet (E) and coil (C).

Template-based methods and machine learning strategies are two
computational approaches for prediction of protein secondary struc-
ture. Template-based methods neither result in higher accuracy com-
pared to machine learning methods nor perform well on non-homo-
logous proteins [31]. Feature extraction from protein sequences is the

first step when applying a machine learning approach. However, the
extracted features may not reflect all the information a sequence con-
tains and thus can lead to information loss [10,30,35]. Nevertheless,
from the biological perspective, protein sequence contains indis-
pensable information to adopt certain structures [31,35,36]. While
predicting such structures is an appealing task, challenges abound.
First, the relationship between a sequence and its corresponding
structure is quite complex [27,58]. Second, the selected features dra-
matically influence the learner's effectiveness [35]. Additionally, the
training data including protein sequences and their related known
structures are partially noisy. Lastly, the amino-acid samples are not
distributed equally in classes (class imbalance) [1].

To address the challenges, we devise a multi-component predictor
to directly process amino-acid sequences into accurate protein struc-
tures. While every component participates in the enhancement and
correction of the results, the multi-component property of our solution
can learn various information from the input sequences. The MCP fra-
mework processes the textual context of protein sequences which yields
three advantages. First, it avoids information loss through processing of
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the primary sequence data and bypassing the feature extraction pro-
cedure. Second, we can eliminate the negative effects of certain feature
subsets that can further promote the effectiveness of the learner. Third,
we can interpret a latent natural language via employing the dissim-
ilarity measures. The latent language can reveal hidden relationships
between protein sequences. Our proposed framework employs two ef-
ficient algorithms of Support Vector Machine (SVM) and Fuzzy K-
Nearest Neighbor (FKNN) in parallel. The edit distance function forms
the edit kernel for SVM that infers the dissimilarity among input se-
quences. Furthermore, we embed a compound dissimilarity measure
called d̃ into FKNN module. d̃ works based on n-gram scores, LZ scores,
and a new parameter called dissimilarity rate (ρd). The output of each
learner passes through a filtering component to refine the biologically
meaningless structures. The corrected output from filtration enters the
aggregation pool that can further make a consensus among the deci-
sions of edit-SVM and d̃-FKNN.

Our proposed model is both flexible and modifiable. For instance,
one can add more classifiers and expand the ensemble size with dif-
ferent base learners, utilize the dissimilarity measure (d̃) in SVM kernel
and subsequently analyze the outcomes more in details, or pass nu-
merical features (i.e. protein sequence profiles) to one learner and the
string sequences to another to collectively investigate the resultant
differences. Fuzzification of the SVM module can enhance the ag-
gregation process and consequently enrich the final prediction results.
A weighted form of the compound dissimilarity measure can lead to
accuracy enhancement. A dynamic parameter optimization module
which can finally improve the effectiveness of the prediction results.

Our contributions in this study are threefold:

– We devise a flexible Multi-Component Prediction framework (MCP)
which can directly process the latent contexts of the input protein
sequences and suggest accurate output secondary structures. Our
model can be further generalized to perform on an arbitrary number

of classes.
– We employ two different classifiers of edit-SVM and d̃-FKNN and
collectively aggregate the filtered classification outcomes to infer
the final results.

– We achieve better accuracy in prediction of protein secondary
structure using various modules of classification, aggregation and
dissimilarity measures.

The remainder of this paper is organized as follows. In section 2, we
briefly summarize related work. In section 3, we provide the pre-
liminary definitions, define problems and present an overview of our
framework. In section 4, we elucidate the proposed model and explain
underlying techniques. We also prove that our model can be general-
ized to perform on an arbitrary number of classes. In section 5, we
examine the effectiveness of the competitor baselines. In section 6, we
conclude the paper and discuss future work.

2. Related work

Predicting the structure using a set of string sequences has been
well-studied in biology [5,15,15,17,25,31,50]. Moreover, machine
learning-based methods such as ensemble models, and deep learning
approaches have been recently exploited. In this section, we discuss the
related work in two-fold: First, Statistical and mining methods, Second,
Machine Learning-based models. Table 1, demonstrates an overview of
the literature.

Probabilistic and mining methods: Primary probabilistic methods
[13,16] are based on empirical analytics and mainly compute the ten-
dency of each amino-acid in protein sequence to form a particular
secondary structure. GOR [16] extends Chou-Fesman [13] to improve
prediction performance through including the context of each amino-
acid. Probabilistic models compute the conditional probability for each
amino-acid to adopt a secondary structure, given that its neighbors
have formed that structure. Since the structure of an amino-acid is
correlated with its neighbors, in this paper, we also use a sliding
window to incorporate the neighboring context in the prediction pro-
cess. A more recent probabilistic approach is the Hidden Markov Model
(HMM) [7,8]. The HMM graphical models well adapt to one-dimen-
sional sequence processing. In HMM, the states of the graph represent
the secondary classes and the output probabilities determine the
structures [7]. Chen et al. [8] employ Markov Model (feature extrac-
tion) to generate a sequence encoding scheme that is subsequently fed
into the SVM to predict the results. In our approach, the fuzzy mem-
bership functions provide the probabilities that will regulate final sec-
ondary structures.

Tree-based methods are also used in mining approaches [60]. [40]
extracts the rules from FS-Tree to leverage sequence-structure map-
pings. In another tree-approach [20], applies SVM to eliminate the
noise and outlier data. He et al. [20] firstly pass the refined data to a
decision tree. Subsequently, they apply the extracted rules of the de-
cision tree to predict structures. Moreover, the NLP-based methods [24]
consider the textual context of the input sequences to infer the missing
structures. Lin et al. [31] exploit n-gram patterns to create a dictionary

Fig. 1. Sequence-structure mapping.

Table 1
An overview of the literature of protein secondary structure prediction.

Category of
methods

methods Reference

Probabilistic and
mining

Chou-Fesman [13]
GOR [16]
Hidden Markov Model (HMM) [7,8]
Decision-tree [20,40]
Natural Language Processing
(NLP)

[31]

Distance-based learners [5,18,53]
Machine learning Neural networks and deep

learning
[1,3,4,14,47,51,57,58]

Support vector machines (SVM) [32,46,63,64]
Multi-component approaches [1,3,4,8,14,25,48,57,61]

[6,20,46,51,58,62–64]
Feature extraction Sequence profiles [20622545116336]

pseudo-potentials, amino acid
physiochemical properties,
AACs, pseudo-AAC, and PseKNC

[9,12,30,61]
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of synonymous words that can be later used to compute sequence si-
milarities. We similarly employ a compound measure including an n-
gram metric to estimate dissimilarities among sequence chunks. The
distance-based classifiers have also been employed in structure pre-
diction [18]. K-Nearest Neighbor algorithm (KNN) and its fuzzified
versions [5,53] are the most popular distance-based learners. Hence we
devise a fuzzified KNN.

Machine learning-based approaches: In the field of sequence-
structure mapping, there are three major groups of machine learning
models: neural networks and deep learning paradigms, support vector
machines and multi-component learners. Neural Networks (NN) are the
first generation of machine-learning approaches that are used for pro-
tein structure prediction. In practice, employing of a well-designed NN
can properly estimate class boundaries. Different versions of recurrent
neural networks [4,39,49] greatly suit for processing of the sequence
data. For instance, bidirectional recurrent neural networks utilize the
information of the whole sequence. While time is a multi-aspect entity
[21–23], the long short-term recurrent neural networks can also retain
the information over long periods of time [47]. Deep convolutional
neural fields involve more sequence information in its learning process
and take into account the interdependencies of the adjacent context
[58]. The more recent studies both in shallow [1,57] and Deep Neural
Networks (DNN) [51], combine the predictions of a number of such
networks in an ensemble fashion. Spencer et al. [51] propose an en-
semble of three DNNs with a cascade architecture. The model is trained
using the restricted Boltzmann machine that works with the real-valued
data and the contrastive divergence. Despite the strength of neural
networks, the selection of proper parameters - e.g. number of neurons,
layers, and activation functions - remains an issue. This can sig-
nificantly affect the prediction outcome. Moreover, there is a chance
that the algorithm falls into local minima. Since the support vector
machines can resolve parameter selection and the local minima issues,
we employ the SVM component.

SVMs are among the most accurate learners in the literature of
protein secondary structure prediction [6,64]. Because of the optimi-
zation nature, SVM models perform more accurately than NNs in many
applications [6,64]. However SVM kernel should be tuned properly
[63,64]. use a dynamic weight allocation function to assign kernel
weights and fuse them into a single kernel. Furthermore, a parallel
hierarchical grid search is applied to tune the kernel parameters. Ac-
cording to Ref. [63], converting the classification to a regression pro-
blem and then employing Support Vector Regression (SVR) can further
enhance the prediction accuracy. Therefore, aiming to determine the
final protein structure [63], utilizes a non-dominated sorting genetic
algorithm to map the SVR outputs to integer values. The SVM models
are also employed as ensemble components [32,46]. Nguyen et al. [46]
develop an SVM-based cascade architecture where the second layer
produces the final prediction results through combining the outputs
from the first layer.

Multi-component methods employ a variety of complementary
modules to unveil the relationship between the input and output vec-
tors. Some categories of such computational modules are various lear-
ners, optimization strategies, distance or dissimilarity measures, and
evolutionary algorithms. In practice, the multi-component machines
perform more competently than single learners. The reason lies on the
fact that each component can overcome a part of the challenge. Several
methods reviewed in this section were developed in an ensemble or
multi-component manner. The first group of multi-component ap-
proaches [8,14,48,57,61] employ complementary modules alongside
the learning algorithms to promote the prediction results. Similarly,
aiming to foster prediction accuracy, the second category [1,3,4,25,46]
exploit multiple classifiers of the same type with various features. The
third class of Multi-component approaches [6,20,51,58,62–64] com-
bine classifiers of different types where some are equipped with com-
plementary components. In this work, we devise a multi-component
framework to better tackle each of the challenges prediction of the

protein secondary structures.
Feature extraction: With the explosion of available unsolved pro-

tein sequences in the post-genomic era, exploiting the computational
protein structure predictors became inevitable. Almost all of such
conventional predictors will effectively learn by consuming numerical
feature vectors. The effectiveness of these learners strictly depends on
how well the extracted features represent the characteristics and pat-
terns existing in the original sequences. To generate numerical vectors
from the protein sequences, various encoding schemes, sequence pro-
files and amino-acid features are employed. One of the simplest en-
codings is the orthogonal matrix [20] which takes a vector of 20 ele-
ments that contains 19 zeroes and only one element of 1 related to the
corresponding amino-acid. The mostly utilized sequence profiles are
PSSM [1,4,25,36,51,62,63] and similar matrices. The PSSM profiles
incorporate proteins evolutionary information and preserve sequence
order information. The most prevalent features used in the literature
are pseudo-potentials [61], amino acid physiochemical properties [30],
AACs, pseudo-AACs [12] and PseKNC [9]. Pseudo-potentials is a type of
context-based score, which estimates the tendency of a residue to adopt
a certain secondary structure among a certain neighboring residues.
Some of the physio-chemical properties of amino-acids used in effective
structure prediction include dissociation constant values, isoelectric point,
relative molecular mass, specific rotation and the hydrophobicity scale.
AACs and pseudo-AACs describe proteins using the frequency matrix of
amino-acids. While AAC do not involve the sequence order information,
pseudo-AACs do not completely lose the sequence order information
and include the correlation among residues as well. PseKNC is another
discrete vector representation of a sequence (DNA or RNA), which is
capable of preserving global or long-range sequence order information.
Recently a number of online servers have been developed for gen-
erating features from protein sequence. Some of these servers are
iFeatures [11], SPiCE [55], PyFeat [44], and Pse-in-One [33,34]. The Pse-
in-One feature generation server is much more flexible in the sense that
it can produce nearly all possible feature vectors for DNA, RNA or
protein sequences as well as the user-defined features.

Although the reviewed sequence features of protein are informative,
yet the original sequence contains more information and patterns. As a
number of methods consider the original sequences of protein as sen-
tences of an unknown language, attempt to directly process sequences
and bypass feature extraction in the hope of losing less information
[31]. Consequently, in this work, we take advantage of NLP concepts
and measures with the aid of both machine learning and template-based
methods to gain a deeper understanding of sequence-structure corre-
lation.

3. Problem statement

In this section, we offer primary concepts, notations, and the fra-
mework overview.

3.1. Preliminary concepts

We firstly declare biological concepts. The Gene or DNA sequence in
every cell does not control genetic properties on its own; rather, this is
done through the translation of DNA sequence into protein and then the
formation of a specific structure. Hence, the proteins are the functional
units of the cells whose functions are tightly connected to their struc-
tures.

Definition 1. (protein sequence) A protein sequence Pi, of the length l,
is a string composing of l amino-acids (i.e. Pi[m]) participating in
protein's formation. Each amino-acid molecule in a protein sequence is
represented by an alphabetic letter ( ∈ ∑P m[ ]i ).

Definition 2. (protein secondary structure) The secondary structure of
a protein is formed by the local compositions of neighboring amino-
acids through peptide bonds. During this chemical reaction, the
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element of water is removed and what is left of the amino-acid
molecules is called amino-acid residues. Thus we refer to amino-acid
residue as residue from the hereafter. Every residue Pi[r] is assigned
with a secondary structure (i.e. Si[r]). There are three classes - in three
letters - of protein secondary structure. Therefore,

∈ ≡ − ≡ −S r H E C H α helix E β sheets[ ] { , , | ,i , and ≡C coils}. Hence, a
protein sequence with l characters will correspond to a sequence of
secondary structures with similar length of l. Each character in the
structure sequence (i.e. Si[r]) is associated with its corresponding
amino-acid (i.e. Pi[m]) in the primary protein sequence.

Definition 3. (the dissimilarity rate) the dissimilarity rate ρd is the
number of unique non-identical characters divided by the number of
unique identical characters that a pair of sequences share. We disregard
the position of characters.The secondary structure of a residue is
strongly influenced by the type of its neighboring residues [28].
Therefore, to effectively predict a residue's structure, its neighbors
must be involved. We employ the simple but effective sliding window
approach to include the adjacent residues in the prediction process.

3.2. Problem definition

Given a set of protein sequences Pi, we aim to model the mapping,
denoted by →f P S: i i. Therefore, we infer the similarity between the
sequences in Pi via a compound dissimilarity measure. Concurrently, to
address the complexity of the function f, we devise our unified frame-
work as a multi-component learning machine.

Problem 1. (sequence similarity inference) Given a set of protein
sequences Pi, we aim to use a Compound Dissimilarity measure (CD) to
compute the similarity between each pair of sequences.

Problem 2. (multi-component learning) Given our compound
dissimilarity measure (CD) and the protein sequences Pi, our goal is
to devise a multi-component learning machine to take Pi as input and
consume protein sequence dissimilarities.

3.3. Framework overview

Fig. 2 depicts our proposed framework for prediction of protein
secondary structure. Since each component contributes to error cor-
rection and enhances the prediction accuracy, the multi-component
framework can better address the mapping procedure (f). The strength
of a learning machine mainly stems from the diversity of its components
and the effectiveness of its aggregation method. We employ a pair of
diverse classifiers (SVM and FKNN) to form the learning core.

Initially, a sliding window of size h chunks the input protein se-
quences into the fixed-length set of strings (Ph). Including h−1

neighbors of the central residue from the sliding window involves the
long-range interactions among amino-acids. These interactions are a
piece of valuable information for the prediction.

In the learning phase, to infer the f mapping, the set of Ph is fed into
parallel classifiers of d̃-FKNN and edit-SVM. As both classifiers directly
learn from Ph, we can bypass feature extraction. The d̃-FKNN processes
Ph using the CD measure (d̃) to find the difference between each pair of
sequences ( ∈p p P,i

h
j
h h) via LZ, n-gram, and dissimilarity ratios (i.e. ρd).

LZ complexity score explores sequence order information, repeated
patterns, and the degree of randomness [35,53]. The n-gram score
captures inner-sequence local similarities to reflect sequence variations
during evolution [31]. Finally, the dissimilarity rate reflects the type
diversity of the amino-acid molecules in pi

h. Fusing these scores into a
dissimilarity measure can better infer the sequence-structure relations.
The edit kernel enables SVM to effectively handle string sequence data
(Section 6.2). Since d̃-FKNN and edit-SVM learn in parallel, better ef-
ficiency is provided. The output of each learning module passes through
a filtering component to eliminate the biologically meaningless struc-
tures. In the aggregation pool, five various aggregation rules are ac-
commodated. Each aggregation rule makes a consensus between the
decisions of d̃-FKNN and edit-SVM in a different fashion. The fuzzy
property of KNN can further enhance the aggregation process. The final
secondary structure (i.e. Si) can be obtained through filtering of the
aggregation results.Q. What necessity for sequence processing? the ef-
fective measure of dissimilarity in sequence processing has a few ad-
vantages over processing of the extracted numerical feature vectors.
First, it prevents information loss from the rich protein sequences.
Second, the learner's performance varies on different sets of numerical
features and it is not always feasible to find the optimal feature set.
Additionally, numerical features or encoding schemes (i.e. numerical
representations for string protein sequences) may lead to high dimen-
sional feature vectors which can negatively affect the learner's perfor-
mance [35]. From the biological perspective, every protein sequence
contains all essential information for structure adoption [31,35,36].
Hence, we utilize the compound dissimilarity measure d̃ alongside with
the edit kernel to process the string sequences effectively.

4. Related material

In this section, we elucidate the prediction procedure, datasets, the
test and train methods, and finally the evaluation metrics.

4.1. Step-by-step prediction procedure

Every effective sequence-based prediction model considers five
steps:

Fig. 2. The framework of our proposed approach.
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I) To select a valid test and train benchmarks via multiple data sets to
verify experimental results.

II) To properly encode the input biological sequence and feed it into a
predictor. The encoded format must preserve as much information
as possible in comparison with the original data and also have a
high correlation with the target label. It is important to mention
that the input representation greatly affects the performance of the
predictors. Hence the representation of protein sequences for a
predictor is a challenge and must be thoughtfully addressed.

III) To design a powerful prediction engine to effectively address the
challenges of secondary structure prediction. The more robust, ac-
curate and efficient the engine is, the more effective it will function.

IV) To select an appropriate evaluation framework including proper
and comprehensive evaluation measures and methods to adapt to
the conditions of the problem. Given the classification problem of
structure prediction, the measures of accuracy, specificity, sensi-
tivity, MCC, and SOV are used frequently and can properly describe
the effectiveness of a competitor model. Moreover, the cross-vali-
dation is utilized to tune parameters in train and test phases.

V) To establish a public user-friendly web-server which can receive the
user's input protein data and predict the secondary structures using
the proposed method(s). Throughout this paper, we elaborate on
each step in details.

4.2. Test, train, and dataset description

We employ four publicly available data sets of RS126, CASP10,
CASP11 and CASP12 (more recent) to validate the effectiveness of our
approach. To accomplish a comprehensive validation we first employ
RS126 for training and testing via 10-fold cross-validation and report
the results. Then we utilize CASP10, CASP11 and CASP12 (parameter
tunig is conducted on an entirely different dataset) to further confirm
our achievements. Table 2 reports some statistics about the datasets.

The RS126 dataset contains globular non-homologous proteins. The
coil with a portion of 45% is the most common structure in the dataset,
while the other 23% and 32% of the residues are respectively cate-
gorized as β-sheet and α-helix. CASP datasets contain proteins which are
regarded as hard targets meaning that it is difficult to detect their
homologous structure templates from known protein structures. These
datasets were employed to select the best prediction models in the
worldwide annual competition of CASP (http://predictioncenter.org).
Only proteins with and no missing and available crystal structure were
selected from the CASP datasets.

4.3. Evaluation measures

To comprehensively evaluate our approach, we employed 5
common evaluation measures for both classifiers and protein structure
predictors. The measures include accuracy (Q3), precision, recall, spe-
cificity, and Matthews Correlation Coefficient (MCC) that can be com-
puted by confusion matrix elements (i.e. TP, FP, TN, and FN). TP, FP,
TN, and FN respectively stand for True Positive, False Positive, True
Negative and False Negative. TPj is the number of residues belonging to
class j that have been predicted as having the class j. FPj is the number
of residues not belonging to class j that have been predicted as having
the class j. TNj is the number of residues not belonging to class j that

have been predicted as having other class labels. FNj is the number of
residues belonging to class j, but they are predicted as other classes.

4.4. Availability

The link to download our codes is available at (https://sites.google.
com/view/protein-structure-prediction):

5. Methodology

In this section, we explain the components of our proposed frame-
work.

5.1. Pre-processing

Conventional machine learning-based methods generate numerical
feature vectors from the sequences of primary structures. The vectors
are subsequently fed into a learning machine for structure prediction.
Although such numerical features comprise either protein evolutionary
information or biochemical properties, in comparison with the original
sequence, they result in information loss. Moreover, some numerical
encoding schemes can even create high dimensional vectors. Note that
various collection of numerical features can influence the performance
of a learner. In a nutshell, all aforementioned issues with the numerical
features can reduce the effectiveness of the learners. Hence, we bypass
feature extraction and directly process the input protein sequences.
Nevertheless, for pre-processing, we only apply a sliding window (size
h=17) [51,63] on input sequences. The neighbors of a residue in a
protein sequence contribute strongly to its secondary structure. We
predict the secondary structure of each residue at the center of the
window, that directly involves (h−1)/2 number of neighbors on both
sides. Assuming that there are M residues in the protein dataset, sliding
the window will then construct M sequences (i.e. Pi

h), where each Pi
h

will position one of the residues at the center. Note that, large h will
deviate the dissimilarity values between the pair of sequences. The
small value of h (i.e. h < 5) is not preferred either. Because the dis-
similarity measure includes computation of n-gram scores and small n is
biologically meaningless. Logically the value for n must be smaller than
h.

5.2. The compound dissimilarity measure

The d̃-FKNN component performs classification based on the com-
pound dissimilarity measure d̃ that is computed using three parameters
including LZ-scores, n-gram scores, and the ρd dissimilarity rate. Adding
each parameter to d̃ can further improve the accuracy (Section 6.2).

The LZ complexity measure reflects the degree of repeated patterns
or the level of randomness in a sequence and can include the position
information [35,53]. Assume p m n[ : ]i

h is a fragment of a protein se-
quence starting at position m and ending at position n where
1 < m< n< h. Thus we can show that

= + … + … +− −p p m p m m p m m p m h[1: ] [ 1: ] [ 1: ] [ 1: ]i
h

i
h

i
h

i
h

k k i
h

z1 1 2 1 1 . The
LZ complexity of the protein sequence c p( )i

h is the number of fragments
in the exhaustive history that represents the decomposition of the se-
quence. Each fragment obtained from the decomposition process must
be unique except in the last step, at which it is permitted to copy a
previously generated fragment.

For example, for the protein sequence =p TTCCPSTCIVPSAi
h the

exhaustive history is T.TC.C.P.S.TCI.V.PSA where ’.’ separates the
fragments generated at each step. Hence c p( i

h) is 8 which is the number
of fragments in the exhaustive history. The initial LZ score between two

protein sequences ( ⎜ ⎟
⎛
⎝

⎞
⎠

ζ p p,i
h

j
h ) is defined in Eq. (1) [35].

⎜ ⎟ ⎜ ⎟
⎛
⎝

⎞
⎠

= ⎛
⎝

⎞
⎠

−ζ p p c p p c p, ( )i
h

j
h

i
h

j
h

i
h

(1)

Table 2
Statistics of datasets.

Data set No of proteins No of residues Year of creation

RS126 [50] 126 32465 1993
CASP10 [41] 73 16568 2012
CASP11 [42] 64 13517 2014
CASP12 [43] 24 5032 2016
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Where p pi
h

j
h is the concatenation of two protein sequences of pi

h and pj
h.

The more similar the two sequences are, the less the value of ζ (.) will
be. The final LZ score (the LZ dissimilarity of two sequences) is attained
from the normalization of Eq. (1) as formulated in Eq. (2). We utilize
the normalized LZ score in our work [35].

⎜ ⎟ ⎜ ⎟

⎜ ⎟

=

⎧
⎨⎩

⎛
⎝

⎞
⎠

⎛
⎝

⎞
⎠

⎫
⎬⎭

⎧
⎨⎩

⎛
⎝

⎞
⎠

⎫
⎬⎭

LZ

max ζ p p ζ p p h

max c p c p

, , ,

( ),

i
h

j
h

j
h

i

i
h

j
h

(2)

Algorithm 1 generates a unique [29] exhaustive history for a se-
quence.

Algorithm 1. create the exhaustive history of a protein sequence
Input:pi

h (a protein sequence with length h).
Output: η p( )i

h (set of fragments related to the exhaustive history of
protein sequence).

1: ← ∅ = =η p i j( ) , 1, 1i
h

2: ← + = + =η p p i i j( ) [ ], 1, 1i
h

i
h

3: if j≥ h then
4: ←η p p i j( ) [ : ]i

h
i
h and terminate

5: end if
6: if ∉p i j η p[ : ] ( )i

h
i
h then

7: ← = + + =η p p i j i j j( ) [ : ], 1, 1i
h

i
h , go to 3

8: else
9: j+ = 1, go to 3
10: end if

LZ complexity for a sequence considers the character distribution
rather than the characters themselves. Hence, this property leads to the
same complexity for sequences of the same distributions, but with
different characters. For example, the exhaustive history of the se-
quences two sequences of pi

h = APAFSVSGG and pj
h =THTDKRKLL

can be respectively represented by =η p A P AF S V SG G( ) . . . . . .i
h and

⎜ ⎟
⎛
⎝

⎞
⎠

η pj
h =T H TD K R KL L. . . . . . . However, the LZ complexity for both

strings will be identically set to 7. Nevertheless, each amino-acid brings
along distinct properties to form a certain secondary structure.
Therefore, to include sensitivity to the type of amino-acid molecules,
we employ a new parameter called dissimilarity rate ρd. Let πi

m and πj
m

be the respective list of unique amin-acids composing pi
h and pj

h while
∈m πi i

m and ∈m πj j
m. Here, ρd is retrieved by substituting of Eq. (4)

and Eq. (5) into Eq. (3).

=
+
+

ρ
δ
μ

1 | |
1 | |d

i j

i j

,

, (3)

= ∪ ∈ ∈ ∈ ∈δ m m m π and m π m m π and m π{ | } \ { | }i j i j i i
m

j j
m

i i i
m

i j
m

, (4)

= ∈ ∈μ m m π and m π{ | }i j i i i
m

i j
m

, (5)

Local similarities among protein sequences can identify conserved
structures during proteins’ evolution [31]. To incorporate the local si-
milarities into our measure, we employ n-gram score i j|Γ , |n between
each pair of sequences (p p,i

h
j
h). The larger the n, the more strictly the

similarity will be computed. Let Γi
n and Γ j

n be the respective sets of n-
gram patterns associated with the protein sequences of pi

h and pj
h where

∈γ Γi
n

i
n and ∈γ Γj

n
j
n. We compute the n-gram score (Γi j

n
, ) using Eq. (6).

= ∈ ∈γ γ and γΓ { | Γ Γ }i j
n

i
n

i
n

i
n

i
n

j
n

, (6)

Algorithm 2 shows how we obtain the n-gram patterns of a se-
quence.

Algorithm 2. generate the n-gram patterns of a protein sequence
Input: pi

h (a protein sequence with length h).

Output: Γi j
n
, (the set of n-gram patterns (n< h) related to the input

protein sequence).

1: ← ∅ =iΓ , 0i j
n
,

2: while + ≤i n h do
3: ← + +p i i nΓ [ 1: ]i j

n
i
h

, , i+ = 1
4: end while

We fuse LZ, n-gram ( i j|Γ , |n ) and the dissimilarity scores (ρd) into Eq.
(7) to create our final compound dissimilarity measure (d̃).
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5.3. Fuzzy KNN algorithm

Unlike rule-based methods and decision trees [52], the KNN can
implement irregular decision boundaries. However, the effectiveness of
KNN method [19,54] is influenced by distance measure. We use dis-
similarity measure (d̃) in the membership function (U (.)c ) of the fuzzy
KNN (d̃-FKNN) to find the nearest neighbors. FKNN does not return one
secondary structure for each input residue (p r[ ]i

h ). Rather, it produces
the likelihood for the input residue to adopt each secondary structure.
Eq. (8) [26] computes the fuzzy membership values of a test residue
(p r[ ]i

h ) in each secondary class.
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(8)

U p r( [ ])c i
h is the likelihood for the test residue p r[ ]i

h to adopt class c. k is
the number of neighbors, ∥ ∥. denotes the degree of dissimilarity be-
tween pi

h and its neighbor (pj
h), and m is the degree of fuzziness. Finally,

Ucj is the initial fuzzy membership value of the neighbor pj
h for class c.

The likelihood for p r[ ]i
h to adopt any a is dependent on the membership

values of the neighbors and the inverse dissimilarity between p r[ ]i
h and

the neighbors (p r[ ]j
h ). The inverse dissimilarity (

−p p

1

i
h

j
h

) determines

how each neighbor can enforce the membership of the input residue in
class c. As far the neighbor from the input residue, the less weight will
be assigned to it [42]. Eq. (9) [26] computes the initial membership

values for the neighbors ( ⎜ ⎟
⎛
⎝

⎞
⎠

I pc j
h ). The class of the training residue with

known structure (pj
h) is s.
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c j
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n
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n
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j
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(9)

Where ⎜ ⎟
⎛
⎝

⎞
⎠

I p r[ ]c j
h is the corresponding membership value for training

residue p r[ ]j
h in class c, ′k is the number of neighboring residues of pj

h,

and nj is the number of neighboring training residues of pj
h that belong

to class s. I (.)c assigns three class values of fuzzy membership
( ∈c H E C{ , , }) to each training residue. If the label of p r[ ]j

h and its

neighbors is c, ⎜ ⎟
⎛
⎝

⎞
⎠

I p r[ ]c j
h will get the full membership of 1 for class c. If

≠p r c[ ]j
h or its neighbors do not belong to class c, p r[ ]j

h will obtain the
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membership value for class c. In other words, the function I (.)c aims to
fuzzify the class membership of the labeled residues (with known
structure) which lie in the intersecting region of three classes in the

sample space. As the value ofU p r( [ ])c i
h is computed using ⎜ ⎟

⎛
⎝

⎞
⎠

I p r[ ]c j
h , the

class of unlabeled residues (p r[ ]i
h ) located in the intersecting region of

classes will be less influenced by the labeled residues (p r[ ]j
h ) lying in

the intersecting region [26]. Assignment of the initial fuzzy member-
ship values to the training residues in fuzzy KNN can be considered a
training phase, which leads to performance enhancement compared to
the crisp KNN. Note that the fuzzy membership can assert prediction
confidence and associate an input data with a class.

5.4. Edit-SVM algorithm

The SVM method finds the global optimum solution and discovers
the boundary with the maximum margin. It can search for high di-
mensional feature spaces to find the separating hyperplane - instead of
a non-linear boundary [19]. Using kernel tricks, the transformation to
higher dimensions does not need to be directly calculated and thus the
efficiency of the algorithm remains high. As a component in our fra-
mework, SVM can efficiently outperform both neural network and in-
dividual learners in prediction task [6,64]. The SVM module processes
the protein language and predicts the structure of the residue at the
center of sliding window. We also employ a kernel to process string
data. Like RBF kernel, the well-performing edit kernel [2] (Eq. (10))
uses the edit distance edit(x,y) to further map the original feature space
to an infinite dimensional space [54,64].

= ⋅K x y e( , ) γ edit x y( , ) (10)

Given two strings of x and y from the set of Σ alphabet, we use
Levenshtein edit distance edit x y( , ) to transform x to y by a minimum
number of operators [56].

5.5. Biological filtering

Considering a protein sequence of pi
h, composed of n amino-acids

and three classes of secondary structures, the prediction vector will
have 3n different states. However, not all of the states are biologically
meaningful (e.g. H). In order to rectify the prediction output, we apply
a set of biological transformations [1,5] on the secondary structure
sequences: →EHE EEE , →HEH HHH , →HCH HHH , →ECE EEE
and →HEEH HHHH .

In some methods with more single false predictions (not contiguous
mis-predictions), the filtration process can foster accuracy, but for other
cases, it may result in a minor improvement.

5.6. Aggregation rules

Aggregation is an influential module in the effectiveness of a multi-
component learner [6]. In our work, five various aggregation rules are
proposed to produce the final secondary structures. The aggregators
take advantage of the output from d̃-FKNN and edit-SVM classifiers.
d̃-FKNN generates three fuzzy membership values which provide a
confidence level for each decided class and enhance the aggregation
process. The accuracy of our method using each aggregation rule is
evaluated in section 6. Let p r[ ]i

h be the rth residue of the protein se-
quence pi

h. Also, assume ΔFKNN
1 and ΔFKNN

2 to be the first and second
decisions (associated with the class with maximum and mid member-
ship values) made by d̃-FKNN classifier. Suppose s r[ ]i to be the pre-
dicted secondary structure for the residue p r[ ]i

h .
Aggregation 1:

∀ =

=

=

p r if then

s r
else
s r
endif

[ ], {Δ Δ }

[ ] Δ

[ ] Δ

i
h

FKNN SVM

i FKNN

i FKNN

1

1

2

According to aggregation 1, if both d̃-FKNN and edit-SVM vote to a
class, it will be the final prediction result. Otherwise, based on the fuzzy
levels of confidence, the second decision of d̃-FKNN (ΔFKNN

2 ) will most
likely be the next choice. Aggregations 2, 4 and 5 work based on the
weighted decisions of the classifiers. We introduce two strategies for
weight assignment. The first strategy assigns a weight proportional to
the accuracy of the classifier on a validation set. Accordingly, the more
accurate the classifier, the higher its priority will be. Let ω1 and ω2 be
the weights for either d̃-FKNN or edit-SVM, where ≤ω ω1 2 and
ω1+ω2= 1. Accordingly, Eqs. (11) and (12) are used to compute the
weights.

=
+

ω
min α α

α α
{ , }fknn svm

fknn svm
1

(11)

= −ω ω12 1 (12)

The interval of [0,1] is divided into two sub-intervals proportional
to the weight of each classifier. If ω1= 0.6 and ω2= 0.4, the sub-in-
tervals of i1= [0–0.6] and i2=(0.6–1] will be dedicated to the first and
the second classifiers respectively. Finally, we generate a random
number r in the interval of [0,1]. If the value of r lies in i1, the first
classifier will decide the final class. Otherwise, the second classifier will
determine the final prediction. The length of the dedicated sub-interval
to a certain classifier is the probability that the decision of that classifier
is returned as the final decision. We call this strategy as Roulette Wheel 1
which is particularly more applicable when the accuracy of the classi-
fiers are not level. Roulette Wheel 2 differs from the Roulette Wheel 1 if a
sub-interval is dedicated to each classifier. Instead of assigning the sub-
intervals with the weights of the classifiers, Roulette Wheel 2 considers a
step size and examines the resultant accuracy of the prediction ma-
chine. Here we appoint different breakpoints over the interval of [0,1]
and the selected breakpoint assigns a sub-interval to each classifier. For
example, if the step size is set to 0.1, the breakpoints {0.1,0.2,0.3,..,0.9}
will be examined and the sub-intervals of the classifiers can be ap-
pointed in pairs as i1= [0,0.1] and i2=(0.1,1], i1= [0,0.2] and
i2(0.2,1], i1= [0,0.3] and i2(0.3,1],…, and i1= [0,0.9] and i2=(0.9,1].
In this work, the accuracy of the two classifiers is nearly even. Hence,
we employ the weight assignment strategy of Roulette Wheel 2 in ag-
gregation rules of 2, 4 and 5. Fig. 3 depicts the change in prediction
accuracy when the value of breakpoint increases.

The accuracy is the average of 15 generated random numbers (r) for
each breakpoint. The best accuracy (breakpoint 0.75) assigns the in-
terval of [0,75) to d̃-FKNN, and [0.75,1] to edit-SVM. Aggregation 2 is
described below:

Aggregation 2:

∀ =

=

≤
=

=

p r if then

s r
else
if r ω
s r
else
s r
endif
endif

[ ], Δ Δ

[ ] Δ

[ ] Δ

[ ] Δ

i
h

FKNN SVM

i FKNN

FKNN

i FKNN

i SVM

1

1

1

Where ΔFKNN
1 and ΔSVM do not equate, the Roulette Wheel 2 determines

the final prediction based on ΔFKNN
1 and ΔSVM .

Aggregation 3:
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∀ =

=

=

p r if
then
s r
else
s r
endif

[ ], Δ Δ

[ ] Δ
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FKNN SVM

i FKNN

i FKNN

1

1
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Aggregation 3 claims that when ΔFKNN
1 differs from ΔSVM , the last

fuzzy decision of KNN (i.e. ΔFKNN
3 ) will predict the final structure.

Intuitively, selecting the last fuzzy decision is not necessarily the best
choice. We opt for the last fuzzy decision which complies with the result
of edit-SVM and the sequence-structure relation.

Aggregation 4:

∀ =

=

≤
=

=

p r if then

s r
else
if r ω
s r β
else
s r β
endif
endif

[ ], Δ Δ

[ ] Δ

[ ] (Δ )
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1

1

Aggregation 5 differs from 2 as it receives the output from d̃-FKNN
(β (ΔFKNN )) and edit-SVM (β (ΔSVM)). Due to relying on early fuzzy de-
cisions, Aggregation 2 and 5 provide the best results.

Proof. Performing classification using MCP on an arbitrary number
of classes Let the number of classes be an arbitrary value l. There will
thus be a unified final result for ΔSVM which is the voting between the
decisions of −l l( 1)

2
SVM models (one-versus-one strategy [59]). Also,

there will be l decisions associated with FKNN as ΔFKNN
1 , ΔFKNN

2 , …,
ΔFKNN

l where ΔFKNN
1 and ΔFKNN

l correspond to the secondary class with
the maximum and minimum values of the fuzzy membership function.
In aggregation rules of 1, 2, and 5, we take advantage of the decision of
SVM (ΔSVM) and the first decision of FKNN (ΔFKNN

1 ). Therefore, MCP can
perform classification on an arbitrary number of classes.

6. Experiment

We conducted comprehensive experiments on real-world RS126
benchmark dataset to evaluate the effectiveness of our framework
against state-of-the-art models in protein structure prediction. We also
considered four widely-used evaluation measures of accuracy, recall,
specificity, and Matthews Correlation Coefficient (MCC) to compare the
classification baselines.

6.1. Framework evaluation

In this section, the effectiveness of our framework and its compo-
nents are comprehensively investigated on the introduced datasets. We
used Q3 to gradually evaluate the performance of our proposed fra-
mework. Table 3 compares the effectiveness of various aggregation
rules. It also shows that each component beside the primary ensemble
can enhance the overall performance of the framework. As it’s evident
from the table, extending the FKNN model with the dissimilarity rate
(ρd) can improve the accuracy. Also, the multi-component variations
(i.e. MCP1 to MCP5) remarkably perform better than the single classi-
fiers (e.g. d̃-FKNN and edit-SVM). Our multi-component framework
gains the best effectiveness as it employs a new dissimilarity measure
alongside with different aggregation rules. Aggregation rules of 1, 2 and
5 perform better than other variations. Because they utilize the first
fuzzy and edit-SVM decisions beside filtration process. Note that we
exclude fuzzy rules of 3 and 4 as they gain lower accuracies.

Fig. 4 compares various versions of our framework (MCP) on RS126
dataset. According to Fig. 4(a), MCP1 has the highest precision in
predicting H and E structures. However, it shows a low precision for
class C. Also, compared to MCP1, the MCP2 model demonstrates a
better precision in class C. Moreover, since the transformations of

→HCH HHH and →ECE EEE reduce the number of false-positives,
the extra filtration in MCP5 significantly promotes the precision for the
C structures. Despite the fact that MCP5 gains a lower precision for H
and E structures as shown in Fig. 4(b), MCP5 notably shows a better
recall compared to MCP1 and MCP2 in the prediction of H and E
structures (see Fig. 5).

As depicted in Fig. 4(b), MCP1 is sensitive to the class imbalance.
Since the higher portion of structures respectively belongs to class C, H,
and E, MCP1 tends to predict each sample as C, H, and E respectively.
This imbalanced tendency leads to lower false negative predictions for
each of the classes based on the number of data samples. Hence, MCP1
exhibits the maximum and minimum recall values for the classes of C
and E. Nevertheless, while MCP2 partially resolves this sensitivity,
MCP5 remarkably eliminates the effect of the class imbalance. As illu-
strated in Fig. 4(c), all the variations of our model demonstrate a very
high and level values of specificity for H and E. For class C, specificity is
significantly improved via MCP2 and MCP5. Except for MCP1 in class C,
the values of specificity for all variations of our method and particularly
in every class of the secondary structure is remarkably higher compared
to the values of other metrics. Since the rate of true-negative compared

Fig. 3. Impact of interval breakpoints on accuracy.

Table 3
The accuracy of MCP and its components on RS126 dataset.

Method Q3

FKNN+LZ 76.38
FKNN+LZ+ρd 80.42

FKNN+LZ+ρd+n-gram (d̃) 81.96

Edit-SVM 82.2701
MCP1 83.0906
MCP2 85.4072
MCP3 75.487
MCP4 80.8661
MCP5 87.2853
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to false-positive is large, our proposed method reaches higher effec-
tiveness. As the MCC metric concurrently considers all the elements of
the confusion matrix, it can reflect reliable evaluation outcomes. The
MCC is further useful for the class imbalance issue, where the size of the
classes is different. Fig. 4(d) shows high values of MCC for class H and
even values for E and C classes. With regard to the classification task,
MCP5 and then MCP2 achieve the best performance.

Tables 4–6 compare MCP2 and MCP5 versus the initial classifier
(MCP1) on RS126 dataset. For the class H (Table 4) MCP1 - unlike
MCP5 - owns the lowest values of recall and MCC, and the highest
values of precision and specificity. The same scenario holds for class E
(Table 5). The behavior of the models is quite different towards class C
(Table 6). Nevertheless, MCP5 acquires the highest values for precision,
specificity, and MCC metrics. In total, MCP2 achieves moderate values
for all the metrics in three classes. However, since MCP5 gains the
highest MCC and Q3 values for all three classes, it clearly outperforms
other variations of our proposed framework.

Genuinely, there are 8 categories of protein secondary structures.
The number of categories can be reduced to three by applying various
reduction rules (e.g. DSSP [1]) on similar properties. According to
Tables 4–6, the measures exhibit higher values for class H compared to
other classes. The reason is that the diversity of the protein categories is
less in class H and it sufficiently includes one-third of the dataset
samples.

In order to further emphasize the capability of our model, we con-
ducted additional experiments on the three recent and challenging

datasets of CASP10, CASP11, CASP12. To train the Edit-SVM module,
the kernel, and soft-margin parameters have been determined using the
independent validation set of RS126 and then we conducted the train
and test on each of the CASP datasets separately using 10-fold cross
validation. Therefore, an independent portion of data is used for testing
the method.

As is evident from Table 7, the Edit-SVM module is more competent
than the d̃-FKNN component. However, the effectiveness of the d̃-FKNN
module is greatly better than other known versions of distance-based
algorithms (refer to Table 11). With the increase in the number of in-
stances from CASP12 to CASP10 the accuracy of both modules increases
since the size of the training portion grows. As expected, the MCP5
manifests higher accuracy than MCP2 while MCP2 shows better effec-
tiveness compared to MCP1 (due to their competency in the corre-
sponding aggregation rule) (see Table 8).

6.2. Comparison and discussion

We now compare our framework against the competitors listed
below:

• Muti-Component Predictor (MCP): While MCP1 utilizes Aggregation

Fig. 4. Effectiveness comparison between MCP1, MCP2, and MCP5 on RS126.

Fig. 5. Comparison of the accuracy and MCC between the best baselines on
RS126.

Table 4
Effectiveness on class H of RS126.

Method Precision Recall Specificity MCC

MCP1 89.13 61.02 97.74 0.68
MCP2 85.61 72.92 96.28 0.73
MCP5 82.25 82.54 94.59 0.77

Table 5
Effectiveness on class E of RS126.

Method Precision Recall Specificity MCC

MCP1 96.27 81.87 98.53 0.84
MCP2 92.12 89.76 96.43 0.87
MCP5 90.91 94.22 95.63 89

Table 6
Effectiveness on class C of RS126.

Method Precision Recall Specificity MCC

MCP1 75.18 95.38 74.23 0.7
MCP2 81.12 88.81 83.09 0.72
MCP5 87.05 84.65 89.69 0.75

Table 7
of MCPs and its components on CASP datasets.

method CASP10 CASP11 CASP12

Edit-SVM 86.14 85.67 85.47

FKNN+LZ+ρd+n-gram(d̃) 82.45 81.44 80.78

MCP1 87.01 86.61 86.22
MCP2 87.92 87.86 87.36
MCP5 89.04 88.5 87.95
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Rule 1 (Section 5), each variation of MCP employs related rules.

• Support Vector Regression, Non-Dominated Sorting Genetic Algorithm II
(SVR-NSGAII): This model [63] takes sequence profiles as input. It
employs the SVR for classification and NSGAII to map the real va-
lues to integers and optimize the kernel parameters.

• Support Vector Machine, Parallel Hierarchical Grid Search (SVM-
PHGS): This model [64] takes the sequence profiles as training
input. It uses SVM and PHGS to optimize the kernel parameters.

• Ensemble Method(EM) [6]: is a method that combines multiple in-
dividual learners of multi-layer perceptron (MLP), RBF neural net-
work, and four SVM classifiers. The method applies numerous
combination rules to generate the final prediction output. EM also
investigates the effect of two input data types including Position-
Specific Scoring Matrix (PSSM) [45] and the amino-acid coding
scheme.

• Support Vector Machine, Hybrid Coding for Protein (SVM-HC) [30]:
employs the geometrical similarities and where missing, the SVM
module leverages the final protein structure. SVM-HC extracts a 6-
bit code from the physiochemical properties of both amino-acids
and the tendency factors.

• Group Template Pattern Classifiers (GTPCs): GTPCs [37] primarily,
divides the training set into groups of proteins with similar length
and then trains a model for each group to capture longer range in-
teractions of amino-acids. The base learner of this model is SVM. At
the time of classification, each input goes to the model trained with
proteins of similar length.

• Deep Inception-Inside-Inception Networks (MUFold-SS): MUFold-SS
[15] employs base inception modules to build a deep network. Each
block of the network consists of an inception-inside-inception unit.
These units are the same base inception modules containing another
inception module in each layer (inception-inside-inception).

• Data Partition and Semi-Random Subspace Method (PSRSM): PSRSM
[38] initially divides the training data into subsets of similar length.
Consequently, on each subset, random sub-spaces are generated by
the semi-random subspace method. Finally, an ensemble of SVMs is
trained and combined using majority voting.

• Two Dimensional Deep Convolutional Neural Network (2DCNN):
2DCNN [36] propose a two-dimensional deep convolutional neural
network including 6 convolutional and 5 max-pooling layers. Their
network can better incorporate the sequence order information as
well as the amino-acid interactions.

We use RS126, CASP10, CASP11, and CASP12 to compare our ap-
proach with other rivals proposing various types of methods. As Tables
9 and 10 demonstrate, our solution outperforms other rivals (Section 2)
including ensemble machines, neural networks, SVMs, and decision
trees. The contributing factors to this enhancement are as follows: at-
tempting to interpret the protein language rather than using numerical

sequence representation, enabling each base learner (SVM and KNN) to
process protein language accurately by incorporating proper kernels and
measures (d̃), the designation of an effective multi-component architecture,
utilizing fuzzy decisions and employing flexible and effectual aggregation
pool. Table 11 compares the effectiveness of our d̃-FKNN component
with three distance-based classifiers. Previously we demonstrated the
accuracy of our fuzzy KNN when gradually added each dissimilarity
coefficients to it. Table 11 confirms the impact of each dissimilarity
coefficient in the prediction enhancement of KNN and fuzzy KNN. It
also indicates that taking the string protein sequences for the input (our
d̃-FKNN component) is more beneficial compared to consuming of the
numerical encoding schemes as utilized in the distance-based classifiers
of [18].

Table 8
Effectiveness of structure prediction on RS126-all versions of baselines.

Method Name Q3 QH QE QC MCCH MCCE MCCC

EM_EXPOP(SC) [6] 65.2 61.54 40.76 78.8 0.473 0.387 0.438
EM_LOGOP(SC) [6] 65.19 61.59 40.78 78.73 0.474 0.387 0.438
EM_LINOP(SC) [6] 65.19 61.59 40.78 78.73 0.474 0.386 0.438
EM_EXPOP(PSSM) [6] 78.14 77.18 65.34 84.86 0.72 0.624 0.615
EM_LOGOP(PSSM) [6] 78.12 77.2 65.28 84.83 0.72 0.624 0.615
EM_LINOP(PSSM) [6] 78.14 77.18 65.34 84.86 0.72 0.624 0.615
SVM-PHGS(DWKF)

[64]
84.6 91.2 72.1 84.3 NA NA NA

SVR-NSGAII(DWKF)
[63]

85.75 92.47 78.41 85.11 NA NA NA

SVM_HC [30] 82.5 82.1 65.09 89.07 0.779 0.761 0.748
MCP1 83.09 81.87 61.02 95.4 0.84 0.68 0.7
MCP2 85.41 89.76 72.92 88.81 0.87 0.73 0.72
MCP5 87.3 94.2 82.5 84.65 0.89 0.77 0.75

Table 9
The accuracy of our approach versus other competitors on RS126.

Method's Name Q3 QH QE QC

Ensemble NN (Imbalanced Training Set) [1] 73.33 68.07 52.78 73.02
Ensemble NN (Over-Sampling) [1] 73.75 71.72 68.9 77.44
Ensemble NN (Under-Sampling) [1] 73.02 69.76 77.48 73.2
Ensemble NN (Under and Over-Sampling) [1] 73.73 71.05 69.38 77.38
Ensemble NN (Tree-based) [1] 73.51 75.78 67.85 74.84
NN with SMV voting scheme [1] 74.66 74.85 72.78 75.32
NN with GWMV voting scheme [1] 74.9 72.61 70.25 78.56
NN with WMV voting scheme [1] 74.64 72.43 69.76 78.43
PLM-PBC-HPP [57] 69 67.1 62.7 73.4
ELM-HPP01 [57] 67.9 62.5 61.9 71.6
Single-Stage One-against-all [46] 69.7 54.1 79.3 59
Single-Stage One-against-one [46] 67.6 54.5 79.8 58.3
Single-Stage DAG [46] 67.5 54.2 80 58.3
Single-Stage Crammer and Singer [46] 70.2 55.8 78 56.5
Two-Stage One-against-all [46] 66.5 61.2 78.5 63.9
Two-Stage One-against-one [46] 66.5 57.5 81.2 65.4
Two-Stage DAG [46] 66.8 57.4 80.9 65.5
Single-Stage Vapnik and Weston [46] 70.4 55.7 78.2 57.1
Two-Stage Vapnik and Weston [46] 66.1 57.8 81.9 67
Multi-SVM Ensemble [46] 74.98 75.37 66.43 79.26
Two-Stage Crammer and Singer [46] 66.8 57.9 81 66.8
DT [20] NA 70.4 78.4 67.1
SVM-DT [20] NA 72.8 79.6 69.3
MCP1 83.09 81.87 61.02 95.38
MCP2 85.41 89.76 72.92 88.81
MCP5 87.29 94.22 82.54 84.65

Table 10
The comparison of the MCC metric on RS126.

Method's Name MCCH MCCE MCCC

Ensemble NN (Imbalanced Training Set) [1] 0.65 0.54 0.51
Ensemble NN (Over-Sampling) [1] 0.66 0.57 0.51
Ensemble NN (Under-Sampling) [1] 0.64 0.56 0.49
Ensemble NN (Under-Sampling and Over-Sampling) [1] 0.65 0.56 0.51
Ensemble NN (Tree-based) [1] 0.64 0.55 0.52
NN with SMV voting scheme [1] 0.67 0.58 0.53
NN with GWMV voting scheme [1] 0.67 0.58 0.53
NN with WMV voting scheme [1] 0.67 0.58 0.53
MCP1 0.84 0.68 0.7
MCP2 0.87 0.73 0.72
MCP5 0.89 0.77 0.75

Table 11
The Q3 metric for the distance-based methods on RS126.

Method's Name Q3

KNN [18] 49.85
Fuzzy KNN [18] 53.08
Minimum Distance [18] 59.22
FKNN + LZ scores (our model component) 76.38
FKNN + LZ + ρd (our model component) 80.42
FKNN + LZ + ρd + n-gram (our model component) 81.96
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While EM_EXPOP(PSSM) has the least performance across all
classes, our MCP5 model gains the highest values for all the measures in
E and H classes. Unlike MCP5, all other competitors gain a very low
accuracy in class E.

Table 12 compares the effectiveness of the versions of our MCP
framework against four recent approaches. Across all three datasets, all
versions of MCP can beat the rivals. Even the single component of Edit-
SVM displays better accuracy compared to all the rivals from Table 12.
Although PSRSM [38] employs a greater number of ensemble compo-
nents (SVMs), it cannot beat our two-component framework. The
reason might rely on our effective aggregation pool and processing the
original sequences of proteins using two effective measures for string
(language) interpretation (d and edit kernel). Our approach performs
better than the deep neural network-based models of 2DCNN [36] and
MUFold-SS [15]. In addition to the higher accuracy of our MCP method,
its training is not as costly as deep networks. Furthermore, our model is
highly interpretable and traceable which means the procedure of
learning is transparent and comprehensible. However, the learning
procedure in deep networks is considered as a black box with little
comprehensibility. Third, the optimization nature of SVM can avoid
local-minima which is not guaranteed in neural networks.

To investigate the impact of both protein language interpretation
and the compound structure of our framework on the improvement of
the prediction disjointedly, consider two pairs of comparisons. First,
consider the PSRSM method [36] from Table 12 and the Edit-SVM
component of our framework from Table 7. On CASP10 dataset, a single
component of our MCP model (Edit-SVM) beats the whole ensemble
framework of PSRSM which employs several numbers of SVMs using
PSSM data. On CASP11 and CASP12, the accuracy of PSRSM is only a
neglectable amount (below 0.1%) higher.

To discuss the influence of our multi-component architecture on the
enhancement of the prediction, compare the accuracy of PSRSM against
MCP1, MCP2 and MCP3. On all three datasets, all versions of our fra-
mework beat PSRSM.

6.3. Conclusion

In this paper, we propose a unified multi-component framework to
effectively predict the protein secondary structure. We divide the pre-
diction task into four subtasks: Pre-processing, classification (Edit-SVM
and d̃-FKNN), filtration, and aggregation. The fuzzy component uses LZ
score, n-gram score, and the dissimilarity rate and fuses them into a
unified dissimilarity metric. The biologically filtered output will then be
fed into the aggregation pool to better infer the prediction results. To
eliminate data loss we disregard Feature extraction task. Moreover, our
proposed model can exploit latent natural language to better explain
the hidden sequence-structure relationships. The experimental results
demonstrate the strength of the string dissimilarity measures and admit
the competence of our proposed method against other rivals.

Our multi-component framework is easily modifiable. One can add
more classifiers and expand the ensemble size with different base
learners. Fuzzification of Edit-SVM module can also enhance the ag-
gregation process. A weighted dissimilarity measure in Fuzzy KNN can
better recognize dissimilarity components and result in higher

accuracy. We leave such modifications as future work. From another
perspective, practical web-servers have significantly contributed to the
advancement of the algorithms in medical and chemistry domains. As
another future task, we will similarly provide a user-friendly web-server
to interactively reflect our proposed prediction model.
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