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Abstract

There is a close relationship between the tertiary structure and the function of a pro-

tein. One of the important steps to determine the tertiary structure is protein sec-

ondary structure prediction (PSSP). For this reason, predicting secondary structure

with higher accuracy will give valuable information about the tertiary structure.

Recently, deep learning techniques have obtained promising improvements in several

machine learning applications including PSSP. In this article, a novel deep learning

model, based on convolutional neural network and graph convolutional network is

proposed. PSIBLAST PSSM, HHMAKE PSSM, physico-chemical properties of amino

acids are combined with structural profiles to generate a rich feature set. Further-

more, the hyper-parameters of the proposed network are optimized using Bayesian

optimization. The proposed model IGPRED obtained 89.19%, 86.34%, 87.87%,

85.76%, and 86.54% Q3 accuracies for CullPDB, EVAset, CASP10, CASP11, and

CASP12 datasets, respectively.

K E YWORD S

Bayesian optimization, convolutional neural network, deep learning, graph convolutional
network, protein secondary structure prediction

1 | INTRODUCTION

Proteins have crucial importance for the living organisms. Experimen-

tal methods that are used to determine the protein structure are time

consuming and costly. Protein tertiary (3D) structure prediction is still

one of the unsolved problems of computational biology and it is an

alternative to experimental methods. Prediction of 3D structure is also

useful for enzyme and drug design and helps to elucidate the function

of the target protein.1 Prediction of 3D structure from amino acid

sequence benefits from the prediction of other structural properties,

such as secondary structure, torsion angle, solvent accessibility. and

contact maps.2 Accurate prediction of these elements provides signifi-

cant information about the 3D structure of a protein.

The first protein secondary structure prediction (PSSP) algorithms

were based on the tendency of each amino acid to form leaves or heli-

ces, and rules to predict the formation of secondary structural

elements. These algorithms were able to reach an overall accuracy of

60%.3 Subsequently, a significant improvement in accuracy was

achieved reaching to 77%-80% using information contained in multi-

ple sequence alignments, which was derived by the PSI-BLAST algo-

rithm.4 Thereafter, in most of the studies, PSI-BLAST profiles,

expressed as position specific scoring matrices (PSSMs), have been

used as input features of machine learning methods.3,5 However,

using PSI-BLAST PSSMs alone as input features may not be the best

solution due to noise contained in PSI-BLAST alignments and the

availability of other more sensitive alignment methods. In order to

enrich the feature set, Aydin et al developed a new PSSM using the

HHblits alignment algorithm, which was shown to improve the predic-

tion accuracy by 2% to 3%.3 Another type of input feature is the

structural profile, which is derived by aligning the target protein to

template proteins with known structures. With the incorporation of

structural profiles to the feature set, the accuracy of PSSP further
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increased to 84%-85%.6,7 Aydin et al obtained a prediction accuracy

of 83% to 84% when distant templates are used only to compute

structural profiles and 91% to 93% when close templates are also

used.8 These progresses show that using informative features helps to

improve the accuracy of predicting secondary structure information.3

It should be noted that the efforts for improving the prediction

accuracy is not limited to deriving better feature representations only.

To date, many machine learning models have been developed for

predicting secondary structure. Hua and Sun obtained a 73.5% accu-

racy with support vector machines (SVM) model trained on CB513

and RS126 datasets.9 Aydin et al achieved an 80.3% accuracy score

with the model trained using dynamic Bayesian network (DBN) and

SVM.3 Huang and Chen used four physicochemical features (net char-

ges, side chain mass, hydrophobic and conformation parameters) as an

additional feature and obtained a 79.52% accuracy rate with an SVM

model.10 In another study, Wang et al used genetic algorithm and grid

search to optimize the parameters of SVM and reached a 76.11%

accuracy.11 Recurrent neural network is employed by Pollastri et al

and obtained a 78% prediction accuracy.7 Yao et al obtained a 78.1%

accuracy by a method called DBNN that used dynamic Bayesian net-

work and neural network.12 Aydin et al compared SVM with four dif-

ferent algorithms, such as extreme learning machines, k-nearest

neighbors, random forest, and artificial neural networks. Based on the

obtained results, SVM reported the best performance on EVAset with

an 83.83% accuracy rate.13 Jian-wei et al proposed a neural network

model for secondary structure prediction and compared it with tradi-

tional back propagation algorithm. As a result, they obtained a 9%

improvement.14 Mirabello and Pollastri developed methods using bidi-

rectional recurrent neural networks called Porter 4.0 and Paleale 4.0.

Porter 4.0 obtained an 82.2% accuracy and Paleale 4.0 received an

80.0% accuracy.5 In another study, Yaseen and Li applied a neural net-

work on a dataset that was obtained by statistical-context based

scores and achieved a 82.74% accuracy.15 Yang et al proposed a novel

nearest neighbor method that used both non-homologous and homol-

ogous characteristics of protein secondary structure and obtained

87.51% accuracy.16

In addition to standard machine learning methods, deep learning

approaches have also been used for PSSP with increasing frequency

in the last decade. Wang et al employed deep convolutional neural

fields on five different datasets and obtained significantly better accu-

racy rate for all datasets.17 Heffernan et al proposed bidirectional long

short-term memory (LSTM) to capture nonlocal interactions and

achieved an 83.9% accuracy for PSSP.18 Fang et al proposed deep

inception-inside-inception model called MUFOLD-SS and reached an

85.98% accuracy.19 Ma et al applied a method called data partition

and semi random subspace on six different datasets, such as 25PDB,

CB513, CASP10, CASP11, CASP12, and T100 and achieved accuracy

rates of 86.38%, 84.53%, 85.51%, 85.89%, 85.55%, and 85.09%,

respectively.20 Kumar et al applied a model based on convolutional

neural network (CNN) and bidirectional recurrent neural network

(BRNN) on four different datasets, such as CB6113, CB513, CASP10,

and CASP11 and achieved Q3 accuracy rates of 85.4%, 85.4%, 83.7%,

and 81.5%, respectively.21 Hanson et al proposed a new method

based on LSTM-BRNN and ResNet and achieved an 87.5% overall

accuracy on a test set of 1213 proteins, selected from a larger set of

12 450 proteins derived using the PISCES server.22 Xu et al showed

that their proposed deep learning model based on CNN, LSTM, trans-

formers layer, and multitask learning increases the accuracy of

predicting structural properties of proteins.23

In this study, a novel deep learning model is introduced for PSSP

that includes CNN and graph convolutional network (GCN). The

hyper-parameters of the proposed model are optimized using

the Bayesian optimization technique. The input features of this model

include PSI-BLAST PSSMs, HHblits PSSMs, structural profile matrices,

an extended set of physico-chemical properties and a noseq label. Uti-

lizing structural profiles and new physico-chemical properties together

with the proposed network architecture are among the novelties of

this article.

2 | MATERIALS AND METHODS

2.1 | Problem definition

PSSP aims to assign a secondary structure class (loop, helix, or beta

strand) to each amino acid of a given protein. Typically, supervised

learning methods are used to predict secondary structure. For this

purpose, a machine learning model is trained using a dataset, which

contains proteins with known secondary structure labels. Protein sec-

ondary structure can be represented by eight classes (ie, 8-state nota-

tion) or three classes (ie, 3-state notation). In 8-state representation,

the secondary structure labels are H, G, I, E, B, T, S and “ ”. In this

study, 3-state prediction of secondary structure is performed. For

this purpose, H, G and I are assigned to H, E and B are assigned to E,

S, T, and “ ” are assigned to L.

2.2 | Datasets

2.2.1 | CullPDB

The CullPDB dataset of 9090 proteins dated as 18 October 2018 was

downloaded from the PISCES server (http://dunbrack.fccc.edu/Guoli/

pisces_download.php#culledpdb) with percentage of identity cut-off

equal to 20%, maximum resolution to 2.5, maximum R-value to 1.0.

Then, a maximum R-free cut-off of 1.0 was applied. The 3D coordi-

nate information files of the CullPDB dataset were downloaded from

the PDB database using the get_pdb.py script of the Rosetta software

(https://www.rosettacommons.org) and the secondary structure

labels were assigned using the DSSP program (https://swift.cmbi.

umcn.nl/gv/dssp/DSSP_3.html). Torsion angles were also derived

using a script called phipsi_linux, and the proteins for which the num-

ber of amino acids in the output of phipsi_linux was less than the orig-

inal number of amino acids were eliminated. This resulted in 8552

proteins. A nonredundant hard test set of 22 proteins with 5229

amino acids was selected as CullPDB-test by performing pair-wise
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blast alignments among 8552 proteins with a stringent E-value cut-off

of 0.05 and the remaining set of 8530 proteins was taken as the train

set (CullPDB-train). In other words, the proteins in the test set had E-

value greater than 0.05 when aligned with proteins in train set.

2.2.2 | EVAset

Being one of the benchmark datasets in PSSP, EVAset originally con-

sists of 3074 proteins selected from the PDB.24 It was developed for

assessing the accuracy of prediction methods in structure prediction

tasks. In this work, proteins shorter than 30 amino acids were

removed from the EVAset and a set of 2876 targets including

584 595 amino acids remained, which is used as a test set.

2.2.3 | CASP Datasets

The CASPs datasets were commonly used for assessing the accuracy

of structure prediction methods including secondary structure predic-

tion. In this article, CASP10, CASP11, and CASP12 data sets down-

loaded from the official web site http://predictioncenter.org/ are

used as test sets. The secondary structure labels were assigned using

the DSSP program. Some of the proteins were eliminated due to lack

of PDB tags. The protein sequences that were too short (ie, those

containing less than 30 amino acids) were also eliminated. As a result,

75 protein sequences for CASP10, 67 protein sequences for CASP11

and 39 protein sequences for CASP12 remained. The number of

amino acids were obtained as 18 231 for CASP10, 17 179 for

CASP11, and 11 246 for CASP12.

2.2.4 | Train sets for EVAset and CASP datasets

Separate train sets for EVAset and CASP datasets were obtained from

the original CullPDB dataset. For this purpose, pairwise BLAST align-

ments with a stringent E-value cut-off of 0.05 between 8552 CullPDB

proteins and each of the EVAset and CASP datasets were performed.

Then, CullPDB proteins for which the E-value of the alignment is less

than 0.05 were eliminated and the remaining set of 6068 proteins for

EVAset, 7147 proteins for CASP10, 7156 proteins for CASP11, and

7164 proteins for CASP12 were taken as the train sets for the EVAset

and CASP datasets, respectively. These are denoted as CullPDB-train-

EVAset, CullPDB-train-CASP10, CullPDB-train-CASP11, and

CullPDB-train-CASP12.

2.3 | Feature extraction

2.3.1 | PSI-BLAST position-specific scoring matrices

PSSMs are commonly used to represent patterns (ie, input features) in

proteins. In this study, each target protein was aligned with the NR

database using the PSI-BLAST algorithm. The number of iterations

was set to three, E-value was set to 10 and inclusion E-value was set

to 0.001. As a consequence, 20 scores were obtained for each amino

acid (as the output of PSI-BLAST), which formed the PSSM with a

dimension of 20 by N, where N is the number of amino acids. These

values were normalized to the interval between 0 to 1 by applying a

sigmoidal transformation as in Aydin et al.3

2.3.2 | HHMAKE position-specific scoring matrices

In this article, the HHBlits software25 was used to compute HHMAKE

PSSM features. Each protein was aligned with the NR20 database and

the number of iterations was set to two, which is the default setting

for HHblits. As a result, an HMM-profile model was obtained for each

protein, which contains scores for emission probability, background

probability, and transition probability distributions. First, a set of

20 PSSM scores was computed for each amino acid as log-odds ratios,

which can be expressed as log2
Pe i, jð Þ
Pb jð Þ

� �
where Pe(i, j) is the emission

probability for the jth amino acid at the ith match state with 1≤ j≤20,

1≤ i≤N, N being the number of amino acids in the target, Pb( j) is the

background probability of emitting the jth amino acid. These scores

were then converted to the interval [0,1] by applying a sigmoidal

transformation as in Aydin et al.3 As the second set of features, seven

transition probability values of the HMM-profile are taken directly

without applying any normalization. Finally, the three local diversity

scores denoted as Neff, Neff1, NeffD parameters of the HMM-profile25

are taken and normalized by sigmoidal transformation. As a result, a

PSSM with dimension 30 by N was obtained for each target. Special

care was taken for the file format of the HMM-profiles. For instance,

a value of a star character (ie, “*”) represents zero for the emission

probability of match states (ie, Pe(i, j)) and for transition probability

scores. In the case of emission probabilities these values would be

mapped first to minus infinity (when log2 transform is applied for com-

puting log-odds score) and then to zero by the sigmoidal transforma-

tion. Therefore * values are directly taken as zeros in the final feature

representation without computing the transformations explicitly. Fur-

thermore, the values for Neff, Neff1, NeffD parameters were divided by

1000 to obtain the actual values since these are expressed in units of

0.001 according to the file format. The values for emission probabili-

ties, background probabilities and transition probabilities in HMM-

profile files were divided by �1000 to obtain the log2 transform of

the corresponding probability scores. These log2-transformed scores

are later used directly to compute log-odds ratios as explained above

or inverted to compute the transition probability scores.

2.3.3 | Structural profiles

A structural profile matrix (SPM) is a collection of probability distribu-

tions, in which each distribution shows the probability of a given

amino acid to belong to one of the three secondary structure classes.

The size of an SPM is three by N, where N is the number of amino
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acids in the target protein. Aydin et al showed that using SPMs

increased the accuracy of PSSP.8,26 In this study, SPMs were com-

puted using the HHblits method. In the first step, the target protein

was aligned against the NR20 database. In the second step, HMM-

profile of the target was aligned with the HMM-profiles of the pro-

teins in the PDB99 database, which is an in-house (ie, customized)

database derived by Aydin lab using the scripts and commands avail-

able in the user guide of HHblits starting from the PDB99 dataset

obtained from the PISCES server. Finally, the SPM was computed as

the weighted average of label frequencies resulting from the align-

ment between the target and templates in PDB99. Only distant tem-

plates were used to construct SPMs. For this purpose, templates

having a percentage of sequence identity score above 20% were elim-

inated to minimize the impact of template similarity on accuracy rate.

Details on computing the structural profiles can be found in the paper

by Aydin et al8 Once the SPMs are computed, each amino acid is rep-

resented by three scores, which are taken as the structural profile

features.

2.3.4 | Physico-chemical properties

Amino acids in a protein may have different types of physico-chemical

properties. Fang et al showed that summarizing these properties may

improve the accuracy of prediction methods.19 In this article, seven

physico-chemical properties, including volume of side chains, polarity,

polarizability, hydrophilicity, hydrophobicity, net charge index of side

chains, and solvent accessible surface area, are used as the first set of

physico-chemical input features for each amino acid.

In addition to using the standard set of seven physico-chemical

properties, 35 features from the AAindex database (https://www.

genome.jp/aaindex/) are also added forming the second set of

42 physico-chemical features. AAindex is a database of amino acid

indices proposed by Kawashima et al.27 It contains numerical values

for more than 500 indices (representing various properties of amino

acids), amino acid substitution matrices and amino acid contact poten-

tial matrices. In this article, a set of 35 indices listed in Table 1 are

selected and added to the feature set.

2.4 | Summary of input features

In this article, three different feature sets are computed. The first one

includes 58 real-valued features for each amino acid: 20 features from

the corresponding column of PSI-BLAST profile (ie, PSI-BLAST PSSM),

30 features from the corresponding column of HHBlits profile (ie,

HHMAKE PSSM), seven features for physico-chemical properties of

amino acids, and one feature for the no sequence (NoSeq) label

(explained below). Note that, this is the same feature representation

as in the MUFOLD-SS paper.19 The second set includes 61 features

for each amino acid, in which three structural profile features are

added to the first feature set. The third representation extends the

physico-chemical features by adding 35 features from the AAindex

database and contains 96 features in total for each amino acid.

Figure 1 shows the pipeline of the classification model for the second

and third feature representations. Different from the literature, struc-

tural profile features and the new physico-chemical features are

TABLE 1 Selected amino acid indices from AAindex

AAindex

accession number Description of index

BHAR880101 Average flexibility indices28

BIGC670101 Residue volume29

PONJ960101 Average volumes of residues30

CHAM820102 Free energy of solution in water, kcal/mol31

CIDH920105 Normalized average hydrophobicity scales32

BASU050101 Interactivity scale obtained from the contact

matrix33

BASU050102 Interactivity scale obtained by maximizing the

mean of correlation33 coefficient over single-

domain globular proteins

ZHOH040101 The stability scale from the knowledge-based

atom-atom potential34

ZHOH040102 The relative stability scale extracted from

mutation experiments34

ZHOH040103 Buriability34

WOLR790101 Hydrophobicity index35

KIDA850101 Hydrophobicity-related index36

FASG890101 Hydrophobicity index37

KRIW710101 Side chain interaction parameter38

SIMZ760101 Transfer free energy39

ROBB790101 Hydration free energy40

RADA880108 Mean polarity41

ROSM880102 Side chain hydropathy, corrected for

solvation42

VELV850101 Electronion interaction potential43

WARP780101 Average interactions per side chain atom44

WOLR810101 Hydration potential45

HOPA770101 Hydration number46

ZIMJ680101 Hydrophobicity47

ZIMJ680102 Bulkiness47

GRAR740102 Polarity48

ZIMJ680104 Isoelectric point47

ZIMJ680105 RF rank47

TAKK010101 Side-chain contribution to protein stability

(kJ/mol)49

MEIH800103 Average side chain orientation angle50

MCMT640101 Refractivity51

HUTJ700102 Absolute entropy52

HUTJ700103 Entropy of formation52

FAUJ880103 Normalized van der Waals volume53

FASG760103 Optical rotation54

FASG760101 Molecular weight54
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added to the feature set and employed by the newly proposed net-

work architecture.

It should be noted that each protein contains multiple amino

acids, which represent the time dimension. Therefore, input feature

data for each protein can be represented as a 2D array with rows rep-

resenting amino acids and columns representing features.

The NoSeq label is included to the feature set because the pro-

posed deep neural networks are designed to take a fixed sized

input in time dimension (ie, they expect the number of amino acids

to be the same). If the number of amino acids in a target protein is

less than the sequence length parameter, zero padding is applied

for the remaining time steps and NoSeq label will be set to 1. Other-

wise, NoSeq label will be set to 0. In this article, the sequence

length parameter of the network model is set to 700. For example,

if the length of the target protein is 500, then the first 500 rows of

the data matrix contain features computed as explained above (ie,

including PSI-BLAST PSSM, HHMAKE PSSM, structural profiles

and physico-chemical properties) and the NoSeq label is set to zero.

The last 200 rows have zeros as the values of all features and the

NoSeq label is set to one. This representation is also the same as in

the MUFOLD-SS paper.19 If the number of amino acids in a target

protein is equal to the sequence length parameter, no zero padding

will be applied and the NoSeq label will be set to zero in the data

array of the protein. If the number of amino acids in a target is more

than the sequence length parameter, the protein's data will be

divided into multiple parts. For example, if the protein contains

1000 amino acids, then its data will contain two parts. The first part

will include features for the first 700 amino acids (with NoSeq label

set to zero). The second part will contain features for the remaining

300 amino acids (with NoSeq label set to zero) as well as zero-

valued features for 400 time steps (with NoSeq label set to one).

There are 125 proteins in CullPDB train set, 49 proteins in EVAset

and one protein in CASP12, which have more than 700 amino

acids. Other datasets do not have any proteins that are longer

than 700.

The value ranges of the features are as follows: PSI-BLAST

PSSMs and HHMAKE PSSMs range from 0 to 1, physicochemical

properties from � 1 to 1 and NoSeq label can take a value

of 0 or 1.

2.5 | Deep learning model architecture

In this study, a new deep learning model called IGPRED is proposed,

which consists of several CNN and GCN modules concatenated in dif-

ferent ways and followed by fully connected layers. Figure 2 shows

the architecture of the proposed model.

Each CNN module is generated through six different con-

volutional layers with kernel sizes (1, M), (3, M), (5, M), (9, M), (11, M),

and (15, M) that are connected in parallel as in inception module.

Here, M represents the number of features because 1-D convolutional

layers are used. These layers are connected using the inception archi-

tecture, which obtained significant improvements in many areas such

as computer vision and bioinformatics.55-57 Within each CNN module,

the number of filters of the convolutional layers are identical and is a

hyper-parameter that can be set for each module. As a result, differ-

ent CNN modules can contain different number of filters. Each convo-

lution layer consists of four operations in sequential order:

Convolution, batch normalization, activation, and dropout. Figure 3

shows the details of each CNN module.

A GCN module is generated using a multigraph convolutional

layer (mGCN),58 which consists of two operations in sequential order:

A multigraph convolution and dropout. An mGCN layer needs a graph

as an extra input for each protein. As mentioned above, the sequence

length parameter is set to 700. Therefore, a graph with 700 nodes is

generated for each protein where each node represents an amino acid

and edges represent interactions between amino acids, which can be

summarized by an adjacency matrix of size 700 by 700. This graph is

unweighted for which the adjacency matrix contains ones or zeros

only. If there is an edge between nodes m and n, the value at row

m and column n of the adjacency matrix is one, which represents an

interaction between amino acids at positions m and n. This graph is

also undirected with a symmetric adjacency matrix. This means that if

there is an edge between nodes m and n, there will also be an edge

F IGURE 1 Pipeline of the classification model
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between nodes n and m. A total of N disconnected graphs each with

an adjacency matrix of size 700 by 700 is generated where N is the

number of proteins in the dataset. This type of graph representation

enables to capture short-range as well as long-range interactions by

defining connections between interacting amino acids. In this article,

short-range interactions are modeled only by selecting a two-sided

symmetric window around each amino acid to define the interaction

graph of proteins. Based on this constraint, a hyper-parameter called

number of connections is introduced, which is equal to the number of

interactions an amino acid makes on one side of the window. This

value should be smaller than half of the number of amino acids in a

protein. For example, if the number of connections is 10, then there

will be an edge between a given amino acid and 10 amino acids that

come before as well as 10 amino acids that come after according to

the sequence representation of the protein.

2.6 | Hyper-parameter optimization

Hyper-parameters of a machine learning model are among the crucial

factors for obtaining satisfactory accuracy rates. Although hyper-

parameter optimization can affect the model performance positively,

it can take a long time especially if the number of parameters that are

going to be explored is high. Deep learning models contain many

F IGURE 2 Architecture of IGPRED

F IGURE 3 The layers inside each convolutional neural network (CNN) module
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hyper-parameters, such as learning rate, number of epochs, number of

hidden units, regularization coefficients, and layer specific parameters.

On the other hand, if the hyper-parameter space is selected as nar-

row, the optimum parameter combination can be missed resulting in

suboptimal models.

In this article, the proposed model was implemented by using the

Keras59 library of Python and learning rate, the number of filters in

convolution layers (n_filters_conv), batch size, the number of epochs,

dropout rate, the number of hidden units (ie, neurons) in dense layers

(n_dense), the number of connections in graphs (nconn) and the num-

ber of outputs in multi-graph layers (out_dim_gcn) are optimized using

the Bayesian optimization technique, which can perform faster opti-

mization than the traditional grid-search method in a wide parameter

space. Note that a separate number of filters parameter is defined for

each CNN module (ie, at the module level), a separate output dimen-

sion parameter is defined for each GCN module and a separate num-

ber of hidden units parameter for each dense layer. As there are five

CNN modules, five GCN modules and two dense layers, considering

the other hyper-parameters as well, a total of 17 hyper-parameters

were defined and optimized. Table 2 shows the lowest and highest

values of these hyper-parameters. In addition, the following hyper-

parameter settings were used without optimization. Activation func-

tion for all layers except for the classification (ie, output) layer is ReLU,

activation function for classification layer is softmax, loss function is

cross entropy, weight optimizer is Adam, beta1 parameter of the

Adam optimizer is 0.95, beta2 parameter of the Adam optimizer is

0.99 and the number of filters for each graph convolutional network

module is 2.

Bayesian optimization algorithm was implemented using scikit-

optimize library of Python.60 Gp_minimize method was implemented

using the following parameters settings: acq_func = “EI” and

n_calls = 100.61 Here the expected improvement (EI) is the function

to minimize over the Gaussian prior and n_calls is the number of calls

to the function. All the other parameters of gp_minimize are set to

their default values. This method uses a Gaussian process with two

aims: Modeling the surrogate function and optimizing the expected

probability which is based on improving the existing best solutions

through new trials. It assumes that the function values track a multi-

variate Gaussian distribution. A Gaussian kernel designates the

covariance of the function values among the parameters. In each iter-

ation, the next value of a parameter is selected through the acquisi-

tion function over the Gaussian prior.

3 | EXPERIMENTAL RESULTS

In order to assess the prediction performance of the proposed deep

learning model, five different datasets were used as test sets including

CullPDB-test, EVAset, CASP10, CASP11, and CASP12. For each

benchmark, separate train sets were re-generated from the original

CullPDB dataset by performing pairwise BLAST alignments as

explained in Sections 2.2.1 and 2.2.4. Each dataset had two versions:

The first one included structural profiles and the other one did not

include structural profiles in the feature set.

3.1 | Hyper-parameter optimization

In the first step, the optimum hyper-parameters were found using

CullPDB-train dataset. To achieve this, 10% of the proteins in CullPDB-

train were randomly selected as the test set for optimization (ie, valida-

tion set called CullPDB-val) and the remaining proteins were selected as

the train set for optimization denoted as CullPDB-train-opt. As

explained in Section 2.6, 17 hyper-parameters were optimized by con-

straining them to take values in specified ranges and the remaining

hyper-parameters were assigned to fixed values. Table 3 shows the

optimized values of the hyper-parameters for both versions of the

datasets (with and without using structural profiles in feature sets). In

this table, n_filters_conv, n_dense and out_dim_gcn rows show the

hyper-parameters for each module in the order shown in Figure 2.

3.2 | Adding structural profiles

After hyper-parameter optimization, a total of 10 different models

were trained using the two versions of the five train sets (ie, with and

TABLE 2 Hyper-parameter ranges of deep learning model used
for optimization

Parameter Lowest Highest

Learning rate 10�6 10�1

n_filters_conv 50 150

Batch size 22 27

Epoch 10 200

Dropout rate 0 0.6

n_dense 400 1400

nconn 5 50

out_dim_gcn 20 200

TABLE 3 Optimum hyper-parameters for the proposed deep
learning model

Parameter
Dataset without
structural profiles

Dataset with
structural profiles

Learning rate 0.00011778 1.501 � 10�5

n_filters_conv 103, 107, 96, 115, 98 119, 113, 115, 101,

112

Batch size 4 4

Epoch 96 78

Dropout rate 0.5 0.3

n_dense 547, 537 564, 473

Nconn 11 17

out_dim_gcn 123, 189, 87, 63, 71 101, 123, 116, 75, 25
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without structural profiles) and predictions are computed on the

corresponding test sets. The same hyper-parameter configuration

found for CullPDB-train is used in these experiments. Table 4 shows

results for the datasets that did not use structural profiles and Table 5

includes the results when structural profiles are added to feature set.

In these tables, Accuracy represents the overall accuracy (ie, Q3 mea-

sure), SOV62 denotes the segment overlap measure, MCC63 is the

Matthew's correlation coefficient. MCC, recall and precision metrics

are computed for each secondary structure class in a one vs all

setting.

According to these results, the models that used structural pro-

files obtained better accuracy rates than models that did not use

structural profiles. Using structural profiles increased the overall accu-

racy rate by 1.39% for CullPDB-test, 0.22% for EVAset, 0.63% for

CASP10, 0.5% for CASP11, 0.50% for CASP12 compared with the

models that did not use structural profiles.

When the MCC values of secondary structure classes are com-

pared the highest values are obtained for helices, followed by loops,

followed by strands. When the recall values are compared, except for

CASP10, the same ordering is obtained: helices come first, followed

by loops and then strands. For CASP10, the ordering is loops,

followed by helices and then strands. Finally, when the precision

values are compared, except for CullPDB-test, loops come first,

followed by helices and then strands. For CullPDB-test, helix perfor-

mance is the best, followed by loops and then strands. In all cases, the

accuracy of beta-strands is lowest as compared to helices and loops.

This is reasonable because the proposed model architecture can only

capture local correlations between amino acids, which is characteristic

of helices and loops. The lower accuracy rates for beta-strands can be

due to non-local (ie, distant or long-range) interactions present

between amino acids of beta-strand segments. It can be anticipated

that if such interactions are predicted a priori (eg, in the form of con-

tact maps) with sufficient accuracy and used as input to graph

convolutional networks, the accuracy rates of beta-strands may

improve.

3.3 | Adding physico-chemical features from
AAindex database

In addition to the effect of using structural profile features, adding

new physico-chemical properties of the amino acids to the feature set

(ie, using the third feature representation) is also explored. For this

purpose, 35 AAindex values were selected and added to the feature

set that includes structural profiles (among with other feature catego-

ries) and train/test experiments are repeated for the five benchmarks.

Table 6 shows the overall Q3 accuracies of the proposed method on

five benchmarks.

These results are comparable to those presented in Table 5.

Therefore, using AAindex values as additional physico-chemical fea-

tures did not improve the overall prediction accuracy.

TABLE 4 Accuracy measures of IGPRED without using structural profiles

Parameter Accuracy SOV

MCC

'H'

MCC

'E'

MCC

'L'

Recall

'H'

Recall

'E'

Recall

'L'

Precision

'H'

Precision

'E'

Precision

'L'

CullPDB-

test

87.80% 83.12% 0.86 0.67 0.76 92.94% 69.43% 87.18% 90.29% 69.72% 89.15%

EVAset 86.12% 76.15% 0.82 0.64 0.72 89.53% 69.25% 86.32% 87.45% 64.27% 88.70%

CASP10 87.24% 75.95% 0.83 0.64 0.73 89.55% 55.62% 91.32% 86.95% 79.46% 88.24%

CASP11 85.26% 74.10% 0.80 0.59 0.68 89.15% 51.74% 88.90% 84.78% 79.98% 86.01%

CASP12 86.04% 78.01% 0.83 0.63 0.72 91.93% 65.92% 85.53% 86.13% 65.76% 89.67%

TABLE 5 Accuracy measures of IGPRED with structural profiles

Parameter Accuracy SOV
MCC
'H'

MCC
'E'

MCC
'L'

Recall
'H'

Recall
'E'

Recall
'L'

Precision
'H'

Precision
'E'

Precision
'L'

CullPDB-

test

89.19% 87.15% 0.88 0.68 0.79 93.13% 67.73% 89.91% 92.29% 73.84% 89.24%

EVAset 86.34% 76.35% 0.82 0.61 0.73 89.50% 58.37% 88.31% 87.47% 70.32% 87.49%

CASP10 87.87% 75.19% 0.84 0.68 0.75 89.31% 68.28% 90.39% 88.54% 73.29% 89.76%

CASP11 85.76% 76.48% 0.82 0.61 0.71 88.73% 59.59% 88.64% 87.01% 70.40% 87.28%

CASP12 86.54% 77.50% 0.84 0.59 0.73 91.96% 50.66% 89.29% 87.00% 76.27% 87.37%

TABLE 6 Q3 accuracy of IGPRED when new physico-chemical
properties are added to feature set

CullPDB-test EVAset CASP10 CASP11 CASP12

89.17% 86.39% 87.66% 85.56% 86.24%
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3.4 | Comparison with the state-of-the-art

In the next step, our model, IGPRED, is compared with the state-of-

the-art methods in the literature. Table 7 shows the overall accuracy

of MUFOLD-SS,19 OPUS-TASS23 and our model on CASP datasets.

Based on these results, our model outperforms the state-of-the-

art methods on all of the CASP datasets. The improvements obtained

when structural profiles are included to the feature set are statistically

significant according to a two-tailed Z-test64 with P-values less than

.01 for all CASP datasets. Note that the results of MUFOLD-SS and

OPUS-TASS are taken from the Reference papers 19 and23, respec-

tively, while our results are obtained on subsets of the CASP datasets

(ie, on CASP proteins that have PDB IDs and that are not short as

described in Section 2.2.3). The reason for this difference is because

the CASP datasets (including the label assignments) used by

MUFOLD-SS are not shared publicly. Based on this, the results pres-

ented in Table 7 contain variance components due to slightly different

versions of the datasets being used. Nonetheless, obtaining improve-

ments consistently on all datasets is promising.

TABLE 7 Q3 accuracy comparison between IGPRED and state-
of-the-art methods on CASP datasets

Method CASP10 CASP11 CASP12

MUFOLD-SS 86.49% 85.20% 83.36%

OPUS-TASS — — 85.47%

IGPRED without SP 87.24% 85.26% 85.76%

IGPRED with SP 87.87% 85.76% 86.54%

F IGURE 4 Learning curves for models that use structural profiles: A, CullPDB; B, EVAset; C, CASP10; D, CASP11; and E, CASP12
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3.5 | Learning curves

Another factor that can be analyzed is the overfitting behavior of the

models. Deep learning models with many layers can be prone to over-

fitting due to large number of weight coefficients learned during train-

ing. In the proposed model architecture, batch normalization and

dropout are used as regularization techniques to prevent overfitting.

In order to understand whether a model has learned the patterns in

train set well enough and is able to generalize to new examples, learn-

ing curves can be used. Figure 4 shows the learning curves of the

model for different datasets. In all of these experiments, structural

profiles were used in the feature vector. Each subfigure shows the

accuracy of the model with respect to number of epochs, which is

directly proportional to model complexity. These curves show that

our model did not suffer from significant amount of overfitting since

the test curves follow the train curves closely.

3.6 | Accuracy with respect to length of protein

In this article, long proteins were split naively using blocks of

700 amino acids as explained in Section 2.4. This was preferred for

computational reasons. In order to analyze whether this type of split-

ting degrades performance, the overall accuracy values were com-

puted for proteins belonging to different length intervals (including

those that are longer than 700 amino acids) in EVAset, which is the

only benchmark that has sufficient number of long proteins.

The results of this experiment are given in Table 8.

Based on these results, as the length of the protein increases,

there is only a minor decrease in the overall prediction accuracy. For

example, the accuracy obtained for the fourth length interval is

around 0.2% lower than the accuracy of the third length interval both

of which contain proteins with no splitting applied. This shows that as

the protein length increases, the prediction accuracy may decrease

slightly even if there is no splitting due to missed correlations caused

by long-range interactions (the convolutional networks developed in

this study only model short-range interactions between the amino

acids). On the other hand, the accuracy of the last length interval (that

contains proteins longer than 700 amino acids) is only 0.1% lower

than the accuracy of the fourth interval and only 0.3% lower than the

top performing second and third intervals. Based on this result,

although the naïve splitting approach ignores domain boundaries and

any interactions between the split regions, it can be anticipated that

the splitting process has little contribution to the decrease in accu-

racy. This can be because the proposed model already ignores long-

range interactions and the decrease in performance for long proteins

can be mainly due to this restriction. If there is an extra degrade in

performance due to splitting, that may happen due to missed correla-

tions/interactions around the boundaries of the feature matrix (ie, at

positions close to every 700th amino acid) which may affect a few

amino acids only. As a result, the naïve splitting approach can be pre-

ferred due to its computational simplicity without degrading perfor-

mance considerably.

4 | CONCLUSIONS

In this study, a deep inception model architecture is combined with

graph convolutional network to predict secondary structure of pro-

teins with high accuracy rates. As the graph input and in inception

networks only short-range interactions between amino acids are con-

sidered. As a future work, long-range interactions will also be included

by feeding contact maps or distance maps as inputs to graph con-

volutional networks. Furthermore, several deep learning layers, such

as bidirectional recurrent networks, will be added to the proposed

model, which will be trained for predicting secondary structure, sol-

vent accessibility and torsion angle information of proteins.
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