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Abstract 

Overwhelmed with genomic data, determining functions of previously unseen 

proteins is one of the most challenging problems. While most protein functions can often be 

inferred from their homologous counterparts with known functions in other species, not all 

proteins have homologs whose functions were determined. The functional roles are 

performed by interactions between proteins and other biologically active molecules. Thus, 

the first step to identify protein function through its interaction is to detect potential binding 

sites of the protein. Moreover, protein functions may alter when proteins undergo some 

modifications. Obviously, experimental determination of functions for millions of new 

proteins is not practical due to vast amount of possible functions to be tested. Thus, it is 

highly desirable to have computational tools to prioritize possible functions for new 

proteins.  

In this thesis, we proposed machine learning-based methods for predicting putative 

binding sites of proteins interacting with small molecules, specifically peptides and 

carbohydrates, in addition to predicting putative sites of post-translational modifications 

(PTMs). The main contributions of our methods lie in three aspects. First, we proposed the 

first predictive model to predict protein-peptide binding sites without the knowledge of the 

protein structure (Taherzadeh et al. 2016). The method was further improved by using 

experimental structures. The performance of the method is robust even if unbound 

structures or quality model structures built from homologs were employed, indicating the 

wide applicability of the method developed (Taherzadeh et al. 2017). Second, we 

established the first publicly available tool for predicting carbohydrate binding sites in the 

absence of protein structures (Taherzadeh et al. 2016). Accurate performance of this 

method is confirmed by predicting more binding residues in carbohydrate-binding proteins 

than in non-binding proteins in human proteome and by its successful application to 1000 

Genomes Project. Third, we proposed a method for predicting post-translational 

modification (PTM) site of lysine malonylation (Taherzadeh et al.). This predictive model 

built from M. musculus proteins achieved comparable performance when tested on H. 

sapiens proteins. All aforementioned methods are thoroughly assessed on cross-validation 
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and the independent test sets after removing homologue sequences. Consistent performance 

on cross-validation and independent datasets confirmed the accuracy and robustness of 

predictive methods. All methods significantly outperform existing techniques. 
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Chapter 1  

Introduction 

 

 

1.1. Significance of the research 

Proteins are one of the most important biological macro-molecules in living organisms, 

performing a wide range of vital roles in biological processes. They can perform thousands 

of possible functions. The functions of proteins include: defending the body from 

antibodies; facilitating biochemical interactions as an enzyme; transducing messages to 

coordinate and synchronize biological activities as a hormone; transporting other molecules 

to different locations, and many other functions (Nelson et al., 2008). Generally, these 

functions are shared between homologous proteins. However, not all proteins have known 

homologs and other information is required to determine protein function.    

One key aspect of protein function is to investigate the molecules of a protein interacting 

with its biological partner (Duan and Walther, 2015). Proteins involved in the same cellular 

process usually interact with each other or other biomolecules, such as DNA, RNA, ligands 

or peptides. These interactions build extensive networks to accomplish complex biological 

functions such as gene expression control, cellular signal transduction, and cell death.  
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Additionally, dedicated cellular functions of proteins by gene transcription are regulated 

through a process called post-translational processes (Lin et al., 2008). Post-translational 

modifications (PTMs) diversify and extend functions of protein by covalently adding 

functional groups and dynamically coordinate protein’s signaling network. Over 60% of 

PTM sites are involved in protein interactions where they regulate the affinity of these 

binding sites by changing the properties of amino acids involved in binding sites (Spektor 

and Rice, 2009). Until now more than 400 types of PTMs have been discovered. Thus, 

understanding the nature of PTMs gives indispensable insights into biological regulation of 

proteins. 

The first step to annotate protein function is to identify possible functional sites of proteins 

(Friedberg, 2006). However, determining these sites experimentally is laborious, expensive 

and time-consuming. Because massive number of proteins have been sequenced but with 

unknown functions, there is a need to develop accurate and fast computational methods that 

can predict putative protein functional sites. Computational methods are classified into 

sequence-based and structure-based depending on using the knowledge of sequence alone 

or with additional information from three-dimensional structure of target proteins. 

Direct prediction of functional sites from sequences is challenging because it is the 

structure that dictates the function. However, process of determining high-resolution 

protein structure still remains challenging. Despite there are only thousands of proteins with 

known structure in Protein Data Bank (PDB) (Abola et al., 1984), millions of known 

protein sequences have been deposited in the UniProt Database (Consortium, 2017). 

Therefore, a sequence-based approach is required when the structure of the target protein is 

unknown while structure-based approach is applicable when the protein structure is known. 

The work presented in this thesis addresses prediction of protein functional sites by 

employing sequence-based and structure-based approaches. 

 

1.2. Protein function prediction 

Traditionally, computational annotation of protein functions relied on approaches such as 

running Basic Local Alignment Search Tool (BLAST (Altschul et al., 1997) ) on the protein 

datasets of experimentally determined functions (Radivojac et al., 2013). However, the 
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majority of protein sequences do not have homologous sequences with known function. 

Moreover, homologous sequences may lose their respective functions during evolution. As 

the number of proteins with known structure and function grows, various methods have 

been proposed to address protein function prediction. They include similarity in protein 

sequence or 3-D structure and domain(Jensen et al., 2002, Wass and Sternberg, 2008), 

relations inferred from evolutionary linkages and protein interaction networks  (Deng et al., 

2003, Letovsky and Kasif, 2003, Vazquez et al., 2003, Nabieva et al., 2005) , protein 

structure data  mining(Pazos and Sternberg, 2004, Pal and Eisenberg, 2005, Laskowski et 

al., 2005), correlated changes in expression level (Baker et al., 2011), and relating gene 

functions to the corresponding proteins through Gene Ontology (GO) (Martin et al., 2004, 

Pellegrini et al., 1999, Marcotte et al., 1999, Gaudet et al., 2011, Ashburner et al., 2000, 

Consortium, 2014). Evaluating performance of these methods can provide a vital insight 

into protein functionality and assist biological experiments.  

Among different methods for protein function prediction, proteins interaction network 

underlies various important biochemical processes in living cells (Havugimana et al., 

2017). Protein interactions and their putative binding sites can be predicted from 3-D 

structure and sequence of proteins. A structure-based approach requires the query protein 

with a known structure. Structure-derived features can be employed in machine learning 

methods to predict potential protein-binding partners and associated binding regions 

(Kadam et al., 2014). On the other hand, a structure alignment approach utilizes structural 

homologs to predict protein function (Johnson, 2014, Zemla et al., 2013). More recently, 

structure alignment makes a prediction of complex structures first by using existing 

complex structures as templates and employs template partner for function and function site 

prediction (Zhao et al., 2010). Similarly, in a sequence-based approach, sequence-derived 

features are employed in machine-learning techniques for predicting potential protein-

binding partners and associated binding regions (Zhang et al., 2010). Alternatively, 

sequence alignment predicts protein function based on sequence homologies. More 

recently, sequences are directly threaded onto complex structures for function prediction 

(Malhotra et al., 2013). 

In addition, protein functions can be regulated by changes in expression levels using post-

translational modifications (PTM) (Baker et al., 2011). Putative modified sites of protein 

vary in correspondence to the type of PTMs and can be predicted from 3-D structures or 
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sequences of proteins. Several machine learning-based approaches proposed to employ 

structure-based and sequence-based properties of amino acids to predict the putative 

modified amino acids (Zhao et al., 2014, Wang et al., 2015a, Wang et al., 2015b). 

Moreover, sequence similarity-based (Chen et al., 2016) approaches were introduced to 

employ sequence homology using local alignment search tools such as BLAST (Altschul et 

al., 1990), PSI-BLAST (Altschul et al., 1997) and Motif-x (Chou and Schwartz, 2011) to 

predict modified sites. However, sequence similarity-based approaches search for a 

homologue protein is not applicable to remote homologs and global sequence similarity 

may or may not indicate functional similarity. Thus, machine learning-based approaches 

which employ different properties of amino acids are complementary to sequence-similarity 

searches.   

1.3. Thesis outline 

In Chapters 2 and 3, we introduce protein-peptide binding sites prediction by sequence and 

structure-based approaches, respectively. Protein–peptide interactions are one of the most 

important biological interactions and play crucial role in many diseases including cancer. 

Therefore, knowledge of these interactions provides invaluable insights into cellular 

processes, functional mechanisms, and drug discovery. Here we propose SPRINT-SEQ, a 

machine learning-based approach to predict putative protein-peptide binding sites solely 

from protein sequences. Sequence-based features are extracted to train a support vector 

machine classifier. We then further enhanced this  sequence-based technique by proposing 

a structure-based method called SPRINT-STR that employs structural information for 

predicting protein–peptide binding residues if the structure of a query protein is known or 

can be modelled accurately. These predicted binding residues are then utilized to infer the 

peptide-binding site by a clustering algorithm. Furthermore, similar performance in 

prediction of binding residues and sites is obtained when experimentally determined 

structures are replaced by unbound structures or quality model structures built from 

homologs, indicating its wide applicability. These two chapters have been published as 

peer-reviewed journal articles in Journal of Computational Chemistry and Bioinformatics, 

respectively. 
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In Chapter 4, we extend our work to protein-carbohydrate binding sites which also play 

significant roles in many diseases including cancer. We developed an accurate sequence-

based prediction approach (SPRINT-CBH) using support vector machine. The quality of our 

method is further demonstrated by having statistically significantly more binding residues 

predicted for carbohydrate-binding proteins than presumptive nonbinding proteins in the 

human proteome, and by the bias of rare alleles toward predicted carbohydrate-binding 

sites for nonsynonymous mutations from the 1000 genome project. This chapter has been 

published in Journal of chemical information and modelling. 

 In Chapter 5, we introduced a method to predict lysine-malonylation sites in the protein 

sequence. Lysine-malonylations are among the most important post-translational 

modifications that play a wide range of roles into biological processes as well as diseases. 

Identifying lysine-malonylation sites in the protein sequence is the first step towards 

discovering biological functions of this PTM. The machine learning model is based on 

sequence and predicted structural features from the protein sequence and trained by M. 

musculus proteins. SPRINT-Mal, however, is able to achieve similar performance on the 

H.sapiens proteins without direct training, indicating robustness of the method developed. 

This chapter has been submitted as a research article to (Accepted in journal of 

computational chemistry). 

Finally, Chapter 6 provides the key conclusions and contribution of this thesis as well as 

highlighting potential future research directions.  
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Chapter 2  

Sequence-based prediction of protein-peptide binding 

sites using support vector machine 

 

This chapter is the following published paper. 

Taherzadeh, G., Yang, Y., Zhang, T., Liew, A. W. C., & Zhou, Y. (2016). 

Sequence‐based prediction of protein–peptide binding sites using support vector 

machine. Journal of computational chemistry, 37(13), 1223-1229. 
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ABSTRACT 

Protein-peptide interactions are essential for all cellular processes including DNA 

repair, replication, gene-expression and metabolism. As most protein-peptide interactions 

are uncharacterized, it is cost effective to investigate them computationally as the first step. 

All existing approaches for predicting protein-peptide binding sites, however, are based on 

protein structures despite the fact that the structures for most proteins are not yet solved. 

This paper proposes the first machine-learning method called SPRINT to make Sequence-

based prediction of Protein-peptide Residue-level Interactions. SPRINT yields a robust and 

consistent performance for 10-fold cross validations and the independent test set. The most 

important feature is evolution-generated sequence profiles. For the test set (1056 binding 

and non-binding residues), it yields a Matthews’ Correlation Coefficient (MCC) of 0.326 

with a sensitivity of 64% and a specificity of 68%. This sequence-based technique shows 

comparable or more accurate than structure-based methods for peptide-binding site 

prediction. SPRINT is available as an online server at: http://sparks-lab.org/. 
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2.1 Introduction 

Up to 40% of protein-protein interactions are mediated by protein-peptide 

interactions (Petsalaki and Russell, 2008) that are implicated in human diseases such as 

cancer and researched for drug discovery (Lee et al., 2015, Dutta et al., 2013). It is 

challenging, however, to identify protein-peptide interactions due to small peptide sizes 

(Vlieghe et al., 2010), weak binding affinity (Dyson and Wright, 2005) and short separated 

binding motifs (Fuxreiter et al., 2007). Despite the challenges, there is a steady increase in 

protein-peptide complex structures determined by experimental techniques.  

These complex structures permit an in-depth understanding of protein-peptide 

interactions and associated binding sites (London et al., 2010). One third of protein-binding 

peptides have a helical conformation (Diella et al., 2008). The remaining peptides typically 

bind to the gaps in an extended beta or polyproline category II helical conformation (Stein 

and Aloy, 2010).  

Protein-peptide interaction sites are packed more tightly than protein-protein 

interaction sites and involve more hydrogen bonds especially in the peptide backbone 

(London et al., 2010). Protein-peptide binding sites are flatter than ligand binding sites with 

larger pockets (London et al., 2010). Figure 2.1 illustrates examples of protein-peptide 

complexes. Other studies focused on putative peptide binding site on specific protein 

domains like MHC, PDZ, SH2 and SH3 (Guo et al., 2013b, Kundu et al., 2013b, Zhang et 

al., 2009, Hou et al., 2009, Niv and Weinstein, 2005) but these findings are not 

generalizable (Gfeller, 2012). Most of these studies were limited to protein-peptide 

interactions with known experimental complex structures. The majority of protein-peptide 

interactions remain unknown. 
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Protein-peptide complex structures can be predicted computationally by docking. 

Examples are Rosetta FlexPepDock (Raveh et al., 2011), HADDOCK (De Vries et al., 

2010), Pep-SiteFinder (Saladin et al., 2014)
 
and PepCrawler (Donsky and Wolfson, 2011). 

These docking predictions, however, are accurate only if peptide-binding sites are known 

reasonably well.  As a result, several docking-based methods for predicting peptide-binding 

sites were developed. ACCLUSTER (Yan and Zou, 2015) for example, employs 20 

different amino acid types as a probe to scan the protein surface. The amino acids with 

strong chemical interactions are selected and clustered. The largest cluster is predicted as 

binding sites for the peptides. GalaxyPepDock (Lee et al., 2015), on the other hand, builds 

peptide-binding sites based on known docked structures by structural similarity search. 

FoldX predicts peptide-binding sites by fragment interaction pattern (Verschueren et al., 

2013). Peptide-binding sites were also predicted by combining score-based hot-spot 

Figure 2.1 Example of protein-peptide complexes.  
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prediction with distance constraints in method called Pepsite (Petsalaki et al., 2009b) and 

by probe-based surface clustering in Peptimap method.
[
(Lavi et al., 2013a)

]
 All the above 

computational methods, however, require that protein structures are known. Given the fact 

that the majority of protein structures are unknown, it is necessary to develop a method that 

can predict peptide-binding sites from sequence only.  

This paper established a machine-learning method called SPRINT (Sequence-based 

prediction of Protein-peptide Residue-level Interaction sites) that predicts peptide-binding 

sites directly from protein sequence. By using known protein-peptide complex structures 

for training and the independent test set, we showed that the sequence evolution profile is 

the most important feature that discriminates binding from non-binding residues. This 

feature combined with other features trained by support vector machine led to a method that 

is comparable or more accurate than existing structure-based techniques for peptide-binding 

site prediction.  

2.2 Methods  

2.2.1 Datasets 

Our dataset of protein-peptide complex structures was extracted from the BioLip 

protein-ligand database with peptide as the ligand (Yang et al., 2013) derived from the 

Protein Data Bank (PDB) (Berman et al., 2003). The initial peptide-binding set was reduced 

by blastclust (Biegert et al., 2006) to remove redundant proteins with more than 30% 

sequence identity. This dataset was further divided into training and the independent test 

sets. We randomly selected 80 proteins to use as the independent test set and employed the 

remaining proteins (1199) as the training/cross validation set.  

Peptide-binding residues in a protein were defined as residues that contain at least 

one atom with distance less than 3.5 Å from any atom in the peptide (Bianchi et al., 2012).  

The above protein-peptide dataset has a total of 307,683 residues in which 16,744 

residues are binding residues and the rest are non-binding. To maximize learning and avoid 

bias caused by large number of non-binding residues, a balanced dataset was made using 
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under sampling approach (Yen and Lee, 2006a) by randomly selecting a number of non-

binding residues that is equal to the number of binding residues. The final training/cross 

validation set has 15,688 binding and 15,688 non-binding residues and the independent test 

set has 1,056 binding, and 1,056 non-binding residues. These two data sets are available at: 

http://sparks-lab.org/yueyang/server/SPRINT/. We also built 10 variants of test sets by 

randomly choosing different 1,056 non-binding residues to examine the robustness of our 

testing results. 

2.2.2 Input features 

Sequence: Each sequence position is represented by a 20-dimensional binary 

vector. The type of the amino acid residue at the sequence position is represented by “1” 

and the rests are filled by “0”. This sequence feature is denoted as G-SEQ.  

Sequence profile from PSSM: Conserved residues of the proteins have more 

tendencies to interact with the peptides (Glaser et al., 2003). Thus, we obtained a 20-

dimensional Position Specific Scoring Matrix (PSSM) and the other 20-dimensional 

probability matrix from PSI-BLAST that iteratively searches and aligns homologous 

sequences to produce a substitution score for each amino acid in the protein sequence at its 

sequence position by other amino acids (Altschul et al., 1997). Three iterations and an E-

value cut off of 0.001 were used. In addition to 20 features per position directly from 

PSSM, based on the probability matrix {𝑃𝑖𝑗} 𝑤ℎ𝑒𝑟𝑒 𝑗 = 1,2, … , 20 and i=1,…,L ( L is the 

length of protein), we also calculated the information entropy  [𝑆𝐸 = ∑ 𝑃𝑖,𝑗 × ln(𝑃𝑖,𝑗)
𝑗=20
𝑗=1 ], 

and Close Neighbor Correlation Coefficient (CNCC) (Cheng and Baldi, 2007).  

CNCCik =
∑ PijPkj

20
j=1

√∑ (Pij)2 ∑ (Pkj)220
j=1

20
j=1

, 

where CNCCik is the Pearson correlation coefficient between the sequence profile of 

the given residue i and that of its adjacent residue k in a sliding window of w (k = i-w, …, 

i+w). This group of features is referred as G-PF.   

Predicted ASA and SS: We obtained predicted solvent accessible surface area 

(ASA) and secondary structure (SS) by SPIDER 2.0 (Heffernan et al., 2015c), which is one 

(

1) 
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of the most accurate methods for predicting ASA and SS (0.74 for the correlation between 

predicted and actual ASA and 82% for the accuracy of secondary structure prediction).  

ASA: SPIDER 2.0 provided an ASA value of each residue and we normalized the 

values
 
(Faraggi et al., 2009) to obtain rASA of each residue. We further calculated the 

average rASA of adjacent amino acids within different window sizes from one to the size 

of the applied window (rASA_avg). This group of features is referred as ASA-based 

features (G-ASA).  

SS: From SPIDER 2.0 we obtained the predicted probabilities of three secondary 

structure types (SSProb) of the sequence position. We also calculated fraction of each SS 

type over number of residues within the window (SSCont). In addition, the secondary 

structure triplet of the center residue and two nearest neighbors (SSTri) is encoded by a 27-

dimensional vector. Furthermore, we extracted two additional features from the continuous 

SS segments enclosing the given residue. We obtained SegLen that records the number of 

residues in the segment and SegDB that specifies the minimum and maximum distances of 

the given residue from both ends of its continuous SS segment. Similar features were 

employed previously for predicting RNA-binding residues (Zhang et al., 2010a). This 

group of features is referred as SS-based features (G-SS).  
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Mixed SS and ASA features: Predicted rASA and SS values are simplified into 2-

dimensional and 3-dimensional vectors, separately, to represent exposed and buried states 

for ASA or coil, helix and sheet states for SS. Nine different cutoffs, continuously from 0.1 

to 0.9, were employed to defined exposed or buried states. That is, each position has 54 

features (2*3*9). This mixing feature group is referred as G-MIX. 

Physiochemical properties: We employed seven representative physiochemical 

attributes of the amino acids for feature extraction (Steric Parameter, Hydrophobicity, 

Volume, Polarizability, Isoelectric Point, Helix Probability, and Sheet Probability) (Meiler 

et al., 2001a). This feature group is referred as the physicochemical-based feature group in 

this study (G-PP7).  

All above feature values were transformed to the range of [-1, 1] as input for the 

training and test. 

2.2.3 Support vector machine 

In this paper we employed Support vector machine (SVM)
 
(Vapnik, 2000) as our 

classification technique. SVM is one of the state-of-the-art algorithms in machine learning. 

It has been broadly employed to address the classification and regression problems (Cortes 

Figure 2.2 The general architecture of the SPRINT. 
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and Vapnik, 1995). The objective of SVM is to find the hyper-plane with the largest margin 

to decrease the misclassification rate. If we define the classification value of the points in 

the input space xi as yi and recognize as either +1 or -1, then we can define the SVM 

algorithm in the equation (2). 

𝑦′ = 𝑠𝑖𝑔𝑛 (∑ 𝑎𝑖

𝑛

𝑖=1

𝑦𝑖𝐾(𝑥𝑖, 𝑥′) + 𝑏). 

Where y’ is the predicted class of x’. K defines the type of kernel, n is the number of 

support vectors, αi is the adjustable weight and b is the bias. SVM use a kernel to map the 

input data into its specific feature space (Bishop, 2006). In this work, we use LibSVM
 

(Chang and Lin, 2011a) for training and testing with the radial basis function (RBF) kernel. 

The RBF kernel function is define as, 

𝐾(𝑧𝑖, 𝑧𝑗) = 𝑒𝑥𝑝(−𝑔 ∗∥ 𝑧𝑖 − 𝑧𝑗 ∥2). 

A schematic flow diagram for our SVM model is shown in Figure 2.2.  

2.2.4 Performance evaluation 

Method performance can be measured by the number of correct classified or 

misclassified instances using the terms below:  

 TP: number of actual binding residues predicted as binding sites.  

 TN: number of actual non-binding residues predicted as non-binding sites.  

 FP: number of actual non-binding residues incorrectly predicted as binding sites. 

 FN: number of actual binding residues incorrectly predicted as non-binding sites.  

We evaluated the performance of our proposed prediction method in terms of the 

Matthews’ Correlation Coefficient (MCC), accuracy, sensitivity, specificity, Receiver 

Operating Characteristic (ROC) curve and the Area Under the Curve (AUC). Equations are 

given below.  

𝑀𝐶𝐶 =  
(𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁). 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁/(𝐹𝑃 + 𝑇𝑁). 

(2) 
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MCC varies between -1 and 1, where -1 represents exactly opposite correlation, 0 

represents no correlation, and 1 represents perfectly positive correlation.  

2.2.5 Parameter optimization and feature selections 

We first optimized kernel parameters gamma and C for SVM and also a fixed 

window size for all features by a grid search for the highest MCC value when using 

randomly selected 10% of the training set. The optimal parameters for gamma and C were 

0.05 and 1, respectively. The optimal window size for all features was 4 (totally 9 residues). 

With gamma=0.05 and C=1, the window size for each feature group was re-optimized by 

using that feature group only for the SVM model. Window sizes of 9, 2, 1, 2, 1, and 1 were 

found for G-PF, G-SS, G-SEQ, G-ASA, G-PP7, and G-MIX, respectively. To reduce the 

possibility of over-training, we reduced the number of features by the greedy sequential 

forward selection. Only G-PF, G-SS, G-SEQ, and G-ASA feature groups were finally 

selected. The feature set and all other parameters were then used for 10-fold cross 

validation and the independent test set as described below. 

2.2.6 Cross validations and independent test set 

As it was mentioned, we divided our dataset into training and the independent test 

sets of 1199 and 80 proteins, respectively. We conducted the protein-based 10-fold cross 

validation on the training set. That is, the training set was divided into 10 parts according to 

proteins, not according to residues. This protein-based separation removes the possibility of 

the same protein in training and test sets and reduces the potential of over-training. In the 

10-fold cross validation, nine folds were used for training and the remaining one fold was 

employed for test and each fold was tested in turn. We also used the whole training set to 

train the SVM model and test it on the independent test set.  

2.3 Results and discussion 

Table 2.1 compares the result of 10-fold cross validation, the standard deviation of 

all folds, and that of the independent test set. The MCC value and AUC for 10-fold cross  
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validation are 0.333 and 0.748, respectively, compared to 0.326 and 0.711 for the 

independent test set.  

In comparison, the test on the unbalanced independent test set gives a similar AUC 

value 0.68. Essentially the same values of accuracy, sensitivity, and specificity were 

obtained for the cross validation and the independent test set. 

The performance of SPRINT on the cross validation is compared to those of two 

best features (PSSM and entropy) in Figure 2.2. It is clear that PSSM is substantially more 

accurate than entropy in discriminating binding from non-binding residues. The 

performance is further improved by combining different features. 

To further confirm the robustness of the overall performance of the SVM model, we 

generated 10 sets of alternatively balanced datasets by randomly selecting different non-

binding residues for each protein in the independent test set. The average MCC is 0.331 

with a small standard deviation of 0.005.  

Table 2.1 Method performance on the 10-fold cross validation and the independent test 

set. 

Dataset MCC AUC Accuracy Sensitivity Specificity 

Cross validation 0.333 0.748 0.666 0.646 0.687 

Std[a] 
0.01 0.01 0.01 0.02 0.01 

Independent test 0.326 0.711 0.662 0.642 0.683 

Std[b] 
0.005 0.013 0.009 0.015 0.016 

[a]Standard deviation of 10-fold cross validation results 

[b]Standard deviation of 10 sets of alternatively balanced datasets 
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It is of interest to know the contribution of each feature group to the overall 

prediction performance of SPRINT. Table 2.2 compares the performance of each feature 

group individually by removing individual feature group and by sequentially adding ranked 

feature groups. All indicate that the PF feature group makes the highest contribution. The 

contributions from other feature groups are similar. Combining the four feature groups 

leads to a better prediction performance than using the PF feature group alone. 

We further analyzed the contribution of each individual feature. As Table 2.3 

shows, PSSM in the PF feature group is the most important feature whether it is assessed as 

a single feature or it is removed from the SVM model. All features make statistically 

significant contribution to the final SVM model except rASA_avg.   

 

Figure 2.3 The ROC curve for SPRINT on 10-fold cross validation, trained 

by entropy and PSSM along with structure-based Peptimap, Pepite, PinUp, 

VisGrid. 
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Table 2.2 Evaluation of the importance of each feature group individually as well as by adding 

or deleting them. 

Feature 

Groups
 a
 

MCC AUC Accuracy 
Feature 

Groups
 b
 

MCC AUC Accuracy 
Feature 

Groups
 c
 

MCC AUC Accuracy 

G-SEQ
 0.123 0.571 0.560 - G-SEQ 0.317 0.701

 
0.658 +G-PF 0.295 0.69 0.647 

G-PF 0.295 0.69 0.647 - G-PF 0.228 0.61 0.614 + G-SS 0.310 0.701 0.655 

G-SS 0.13 0.586 0.554 - G-SS 0.305 0.696 0.652 + G-SEQ 0.315 0.707 0.657 

G-ASA 0.115 0.565 0.556 -G-ASA 0.315 0.707 0.657 + G-ASA 0.326 0.711 0.662 

[a]  Performance of individual feature group    

[b]  The effect from removing one feature group    

[c]  Adding the ranked feature group one by one 
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Table 2.3 Importance of individual features revealed from single feature discrimination and by removing it from 

the SVM model. 

Features
 a
 MCC AUC Accuracy Sensitivity Specificity Features

 b
  MCC AUC Accuracy Sensitivity Specificity 

SEQ 0.123 0.571 0.560 0.451 0.668 -SEQ
 

0.317 0.701 0.658 0.642 0.675 

PSSM
 

0.253 0.651 0.610 0.618 0.651 -PSSM 0.25 0.671 0.625 0.627 0.622 

Entropy 0.122 0.57 0.561 0.552 0.570 -Entropy 0.312 0.69 0.657 0.633 0.681 

CNCC 0.091 0.558 0.54 0.635 0.454 -CNCC 0.317 0.7 0.662 0.647 0.677 

SSProb 0.092 0.561 0.556 0.536 0.575 -SSProb 0.311 0.69 0.656 0.647 0.664 

SScont 0.073 0.534 0.536 0.465 0.608 -SScont 0.316 0.701 0.661 0.64 0.680 

TriSS 0.069 0.53 0.532 0.363 0.701 -TriSS 0.315 0.7 0.661 0.64 0.679 

SegLen 0.042 0.52 0.521 0.515 0.527 -SegLen 0.314 0.69 0.660 0.641 0.679 

SegDB 0.048 0.52 0.522 0.335 0.709 -SegDB 0.319 0.694 0.662 0.643 0.680 

ASA 0.104 0.561 0.556 0.646 0.465 -ASA 0.320 0.708 0.66 0.640 0.679 

rASAavg 0.090 0.544 0.545 0.596 0.493 -rASAavg 0.322 0.71 0.662 0.642 0.682 

[a] Performance of individual features 

[b] Performance of SPRINT by excluding individual feature 
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Figure 2.4 compares the population of actual binding and non-binding amino acid 

residue types in the independent test set. Binding residues are enriched in phenylalanine 

(F), lysine (K), arginine (R), and tyrosine (Y) whereas non-binding residues are enriched in 

alanine (A) and leucine (L). 

The performance of our method for each amino acid residue type is shown in Figure 

2.5. SPRINT can achieve high sensitivity for the prediction of phenylalanine (F), 

tryptophan (W) and tyrosine (Y) with a sensitivity of 92%, 93% and, 93%, respectively, but 

with low specificity. More balanced accurate prediction (both sensitivity and 

specificity>50%) was made for the majority of amino acids (13/20).  No correlation was 

found between the population and the overall accuracy of the prediction for a given residue 

type. 

 
Figure 2.4 Population distribution of actual binding and non-binding 

residues according to residue types. 
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Figure 2.5 Sensitivity and specificity for 20 amino acid residue types. 

Figure 2.6 Domain dependent performance based on MCC, 

accuracy and AUC as labelled. 
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Figure 2.6 examines the dependence of method performance on specific protein 

domains based on 10-fold cross validation results. Cross validation data is employed 

because its overall accuracy is similar to the independent test set and the large dataset 

allows a more reliable statistics. In this dataset, there are 32 proteins with SH3, 36 proteins 

with PDZ and 34 proteins with MHC domains. 

Figure 2.6 shows that peptide binding sites of SH3 and PDZ domains are more 

accurately predicted (MCC>0.5, Accuracy>70% and AUC > 0.7) whereas those sites of 

MHC domains are less accurately predicted (comparable to the overall accuracy). This 

domain-dependent performance suggests that the enrichment of one structural fold does not 

always lead to superior performance. This supports that our method is not over-trained. 

It is of interest to compare the accuracy of our sequence-based technique with two 

recently developed structure-based methods (Peptimap (Lavi et al., 2013a) and PepSite
 

(Petsalaki et al., 2009b)). The results were obtained by submitting protein sequences 

(peptide sequences for PepSite as well) directly to the provided webserver. As Table 2.4 

shows, PepSite and Peptimap produced low MCC values (0.14 and 0.26, respectively) and 

low accuracy (59% and 62%, respectively). That is, our method, despite relying on 

sequence information only, is the first method with MCC>0.3 for peptide binding 

prediction. The comparison to other methods is also shown in Figure  2.3 where each 

method was shown as one point because of preset thresholds. It should be noted that these 

methods achieved high specificity at the expense of low sensitivity. If the threshold for 

SPRINT is set so that the specificity is the same as Peptimap (82.3%), SPRINT will 

Table 2.4 Comparison of SPRINT with the previous study on protein-peptide biding site 

prediction on the independent test set.  

Methods MCC Accuracy Sensitivity Specificity 

This work 0.326 0.662 0.642 0.683 

Peptimap 0.262 0.629 0.436 0.823 

PepSite 0.141 0.598 0.221 0.975 

PinUp 0.071 0.547 0.207 0.887 

VisGrid 0.224 0.609 0.38 0.838 
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achieve the sensitivity of 49.5%, which is 6% higher than Peptimap. On the other hand, if 

we make the specificity to 97.5%, SPRINT will have a sensitivity of 22.1%, the same as 

Pepsite. That is, SPRINT is comparable to Pepsite based on this measure. 

As one example, Figure 2.7 compares actual binding sites with predicted binding 

sites of ubiquitin ligase (cell division control protein 4, PDB 3v7d, chain B) by SPRINT 

and by Peptimap. A near perfect agreement is achieved by SPRINT with MCC= 0.92 and 

accuracy= 0.96. By comparison, the MCC and accuracy for Peptimap are 0.43 and 0.69, 

respectively. Moreover, Figure 2.8 illustrates an example of poor binding site prediction of 

SPRINT on urokinase plasminogen protein (PDB 1ywh, chain A) with a low MCC and 

AUC values of 0.07 and 0.53, respectively. Nevertheless, they were somewhat overlapped 

and approximately in the same area. 

 

Table 2.4 also compared PINUP
 
(Liang et al., 2006), which is developed for 

predicting protein-protein interaction sites, and Vis-Grid
 

(Li et al., 2008), which is 

dedicated to ligand binding site prediction. Both are structure-based techniques. The results 

were obtained from their respective servers. PINUP’s performance on predicting peptide-

binding sites is poor, confirming significant difference between peptide- binding sites and 

protein-binding sites. On the other hand, the performance of Vis-Grid is close to that of 

PepSite and Peptimap, indicating there exists stronger similarity between ligand-binding 

sites and peptide binding sites. 

2.4 Conclusions 

We have developed the first sequence-based method for predicting protein-peptide 

binding sites. We showed that using SVM model to combine sequence evolution and 

predicted structural information leads to a method that is more accurate than existing 

structure-based techniques. The consistency between cross validation and the independent 

test set suggests its ability to predict binding sites of unseen proteins. The method called 

SPRINT is implemented as an online server available at: http://sparks-lab.org/. 
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Figure 2.7 The predicted binding sites by Peptimap (a) and SPRINT (b) as compared to 

the actual peptide binding site (c) for ubiquitin ligase (cell division control protein 4, 

PDB 3v7d domain B) protein. The binding sites are colored based on the element’s type. 
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Figure 2.8 Poor prediction performance by (a) SPRINT compare to the actual binding 

site from (b) Crystal structure for urokinase plasminogen protein (PDB 1ywh, chain A).   
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Chapter 3  

Structure-based prediction of protein–peptide binding 

regions using Random Forest 

 

This chapter is the following published paper. 

Taherzadeh, G., Zhou, Y., Liew, A. W. C., & Yang, Y. (2017). Structure-based 

prediction of protein–peptide binding regions using Random Forest. Bioinformatics. 
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ABSTRACT 

Motivation: Protein-peptide interactions are one of the most important biological 

interactions and play crucial role in many diseases including cancer. Therefore, knowledge 

of these interactions provides invaluable insights into all cellular processes, functional 

mechanisms, and drug discovery. Protein-peptide interactions can be analyzed by studying 

the structures of protein-peptide complexes. However, only a small portion has known 

complex structures and experimental determination of protein-peptide interaction is costly 

and inefficient. Thus, predicting peptide-binding sites computationally will be useful to 

improve efficiency and cost effectiveness of experimental studies. Here, we established a 

machine learning method called SPRINT-Str (Structure-based prediction of protein-Peptide 

Residue-level Interaction) to use structural information for predicting protein-peptide 

binding residues. These predicted binding residues are then employed to infer the peptide-

binding site by a clustering algorithm. 

Results: SPRINT-Str achieves robust and consistent results for prediction of 

protein-peptide binding regions in terms of residues and sites. Matthews’ Correlation 

Coefficient (MCC) for 10-fold cross validation and the independent test set are 0.27 and 

0.293, respectively, as well as 0.775 and 0.782, respectively for Area Under the Curve 

(AUC). The prediction outperforms other state-of-the-art methods, including our previously 

developed sequence-based method.  A further spatial neighbor clustering of predicted 

binding residues leads to prediction of binding sites at 20%-116% higher coverage than the 

next best method at all precision levels in the test set. The application of SPRINT-Str to 
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protein binding with DNA, RNA, and carbohydrate confirms the method’s capability of 

separating peptide-binding sites from other functional sites. More importantly, similar 

performance in prediction of binding residues and sites is obtained when experimentally 

determined structures are replaced by unbound structures or quality model structures built 

from homologs, indicating its wide applicability.   

3.1 Introduction  

Protein-peptide interactions play vital roles in drug design because of their 

involvement in various cellular processes such as DNA repair, replication, gene expression 

and metabolism (Pawson and Nash, 2003, Rubinstein and Niv, 2009). In fact, 15-40% of 

protein-protein interactions are mediated by small peptides (Neduva et al., 2005). Insight 

into this process has brought significant understanding of protein functions (Petsalaki and 

Russell, 2008). Recently, new functional roles of protein-peptide interaction were described 

and investigated (London et al., 2012). These interactions were implicated in human 

diseases especially in cancers (Tovar et al., 2006, Penna et al., 2007) and viral infections 

(Clare and Clary, 2004). Therefore, there has been a growing interest to determine protein-

peptide complex structures experimentally. Recent advance in structural biology has 

increased the number of the structures of these complexes significantly, and consequently 

provides better physical understanding of the interactions. The characteristics of the binding 

sites were studied in previous work (Stanfield and Wilson, 1995, London et al., 2013). Like 

other protein-biomolecular interactions, peptides bind in the conserved and surface region 

of the target protein (Ren et al., 1993). In addition, peptides use hydrogen bonds to form 

interactions with their protein partner (London et al., 2010). The peptide-binding regions in 

proteins appear to be dominated with large and flatter pockets (Olmez and Akbulut, 2012). 

Despite these efforts, it remains challenging to study them experimentally due to small 

peptide sizes (Vlieghe et al., 2010), weak binding affinity (Dyson and Wright, 2005), and 

peptide flexibility (Bertolazzi et al., 2014). Thus, it is desirable to have reliable 

computational methods to complement experimental studies. Most previous computational 

studies have focused on peptide binding sites of specific protein domains such as MHC, 

PDZ, SH2 and SH3 (Guo et al., 2013a, Kundu et al., 2013a, Zhang et al., 2009, Hou et al., 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    34 | P a g e  

 

2009, Zhou et al., 2005, Niv and Weinstein, 2005). A general method applicable to all 

protein domains would be useful. Figure  3.1 shows examples of protein-peptide complexes. 

Direct docking of peptides onto protein structures can predict binding residues by 

predicting protein-peptide complex structures. Examples of protein-peptide docking 

programs are Rosetta FlexPepDock (Raveh et al., 2011), HADDOCK (De Vries et al., 

2010), Pep-SiteFinder (Saladin et al., 2014), PepCrawler (Donsky and Wolfson, 2011), 

Figure 3.1 Example of protein-peptide complexes. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    35 | P a g e  

 

GalaxyPepDock (Lee et al., 2015), MDockPeP (Yan et al., 2016) and CABS-dock 

(Blaszczyk et al., 2016). However, docking methods are less feasible for docking typical 

peptides of lengths between 5 and 10 residues onto proteins with unknown binding sites 

because of large search space for flexible peptide conformations (Trabuco et al., 2012). 

To avoid peptide conformational sampling, different strategies have been developed 

to predict putative binding sites. Pepsite (Trabuco et al., 2012) employs spatial position 

specific scoring matrix derived from known protein-peptide complex structures to locate 

hot-spots on protein surfaces and determine binding sites based on distance constraints. 

FoldX (Verschueren et al., 2013) attempts to infer peptide binding sites by employing 

interacting backbone fragment pairs.  

However, the above methods are limited due to their requirement of binding peptide 

sequences that are not always known. To solve this problem, Peptimap (Lavi et al., 2013b) 

maps and clusters potential binding sites by docking small molecule probes. More recently, 

ACCLUSTER (Yan and Zou, 2015) scans 20 amino-acid probes on the protein surface to 

locate strong interactions, and determines putative binding sites by clustering.  

Previously, we have developed a sequence-based method called SPRINT 

(Taherzadeh et al., 2016a) to predict protein residues that bind to peptides by support vector 

machine technique. The method utilizes sequence profiles generated from multiple 

sequence alignment along with predicted local and global structural information from 

SPIDER2 (Heffernan et al., 2015d, Heffernan et al., 2016). This sequence-based approach 

has accuracy comparable to other methods. It is expected that inclusion of information from 

experimental structures or accurate structural models will further boost the prediction 

accuracy of binding residues. 

In this study, we developed a novel machine learning-based approach called 

SPRINT-Str (Structure-based Prediction of Residue-level INTeraction) to predict putative 

protein-peptide binding residues and binding sites. Both structural and sequence-based 

information were integrated by a Random Forest (RF) classifier for prediction of binding 

residues, which was then employed to infer binding sites using Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) algorithm (Ester et al., 1996). We then 
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compared the performance of SPRINT-str to other state-of-the-art methods in prediction of 

binding residues and binding sites and discrimination of peptide-binding proteins against 

DNA, RNA, and carbohydrate-binding proteins. 

3.2 Materials and methods 

3.2.1 Dataset  

The initial dataset of protein-peptide complex structures was obtained from BioLip, 

where peptides have been defined as chains containing less than 30 amino acid residues 

(Yang et al., 2013). We excluded any peptide-binding proteins of length<30 or containing 

less than three binding residues, where a binding residue is defined if any of its heavy 

atoms is within 3.5 Å from a heavy atom in the binding peptide (Taherzadeh et al., 2016a). 

These protein chains were further clustered by 30% sequence identity with “blastclust” in 

BLAST package (Altschul et al., 1997), and one representative chain was randomly 

selected from each cluster. The final dataset consists of 1,241 protein-peptide complexes 

with 16,678 binding residues out of totally 297,598 residues.  We randomly selected 10% 

complexes as an independent test set and the remaining as a training set, to ensure that there 

is no systematic difference between training and the independent test sets. The training set 

contains 1,116 proteins including 14,959 binding residues (TR1116) and 251,769 

nonbinding residues, and the independent test set contains 125 proteins (TS125) including 

1,719 binding and 29,151 nonbinding residues. The ratio of binding to nonbinding residues 

in both sets is around 1:17.  

Ten-fold cross validation was employed to train our method. That is, the training set 

(TR1116) was randomly divided into ten parts (folds) according to proteins. Nine folds 

were used for training and the remaining one fold was employed for test. A protein-based 

fold separation removes the possibility of the same protein in training and test sets and 

reduces the potential of over-training. Each fold was tested in turn and all ten folds were 

used for calculating the overall performance of cross validation. Finally, the whole training 

set was employed to train the final model that was tested over the independent test set. The 

comparison of performances in the cross validation and the independent test set provides a 
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measure of the robustness of the developed method. These datasets are available online at: 

http://sparks-lab.org/server/SPRINT-Str.  

3.2.2 Performance evaluation criteria 

The performance of our method is measured by Matthews’ Correlation Coefficient 

(MCC), F-measure, accuracy, sensitivity, and specificity that are defined as follows: 

𝑀𝐶𝐶 =  
(𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2𝑇𝑃/(2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁)  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =   𝑇𝑁/(𝐹𝑃 + 𝑇𝑁)  

where TP, TN, FP, and FN denote True Positive, True Negative, False Positive, and False 

Negative, respectively. In addition, we calculated the Area Under the Receiver Operating 

Characteristic (ROC) Curve (AUC). 

3.2.3 Binding region prediction 

In this section, we describe the steps towards developing SPRINT-Str. We first 

obtained sequence- and structure-based features. Next, we employed Random Forest as our 

classification technique to predict binding residues that were then clustered to predict 

binding sites by DBSCAN. Finally, we describe parameter optimization and feature 

extraction techniques used in this study. 

3.2.3.1 Feature vector 

Sequence-based information 

In the sequence-based prediction of protein-peptide binding site (Taherzadeh et al., 

2016a), we showed that features derived from sequence profile provided significant 

discriminative information of the binding sites. The sequence-profiles were obtained from 

PSI-BLAST (Altschul et al., 1997) using E-value threshold of 0.001 in three iterations to 

extract the 20-dimensional Position Specific Scoring Matrix (PSSM) for each amino acid in 
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the protein and entropy was calculated by 𝑆𝐸 =  ∑ 𝑃𝑖,𝑗 × ln (𝑃𝑖,𝑗)
𝑗=20
𝑗=1 ,  where Pi,j  is the 

substitution probability of a given residue in the PSSM matrix with other 20 amino acids. 

We named this group of features as G-PF.  

Structural information 

Previous studies showed the importance of solvent accessibility of binding residues 

(London et al., 2010), helical conformation (Diella et al., 2008), and flexible regions 

(London et al., 2010) for peptide binding. We calculated Accessible Surface Area (ASA), 

Secondary Structure (SS), Half Sphere Exposure (HSE), and flexibility (Normal Mode) 

from protein structures detailed below:  

Accessible Surface Area (ASA): We obtained ASA values for all residues through 

DSSP (Kabsch and Sander, 1983) and normalized them to the relative ASA (rASA) values. 

The rASA was further averaged over the neighbor residues with window sizes ranging from 

one to the to-be-optimized value (Average-rASA). We named this group of features as G-

ASA. 

Half Sphere Exposure (HSE): Solvent exposure can also be described by the 

number of structural neighbors of a given amino acid (contact number). The contact 

numbers in upward and downward hemispheres along with pseudo Cβ-Cα bond (upper half 

sphere and lower half sphere) (Hamelryck, 2005) were also obtained. We named this 

feature group as G-HSE.  

Secondary Structure (SS): We obtained secondary structure of each residue from 

DSSP (Kabsch and Sander, 1983). We further derived the fraction of each SS type in a 

window size in addition to features derived from a segment of SS. A segment was defined 

as continuous residues with the same type of SS. Length of segment and the position of 

given residue within the segment were used as features. We named this feature group as G-

SS. 

Normal mode: Intra-molecular dynamic motion of a protein is a good indicator of 

conformational flexibility in protein interactions (Dobbins et al., 2008). We used iModeS 

(López-Blanco et al., 2014) server to extract the normal mode information to describe the 
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functional motions of proteins (Dykeman and Sankey, 2010) and flexibility of each amino 

acid. This feature, however, was not selected during feature selection as described below. 

3.2.4 Random Forest  

We employed the Random Forest (RF)(Breiman, 2001) classifier to predict peptide-

binding residues. RF is an ensemble-based algorithm containing multiple decision trees that 

is widely utilized in classification and regression problems (Liaw and Wiener, 2002). It is 

well-known for its ability to deal with unbalanced datasets (Chen et al., 2004) that we have 

here. RF builds bootstrap samples of the dataset using random selection with replacement 

from the training dataset. It grows a classification tree for each subsample (bagging). It 

constructs the classification model by employing balanced subsamples of a dataset to fit 

multiple trees and classify an object from an input vector. The samples that are not involved 

in tree growth state are named ‘out-of-bag’ samples. Each tree classifies the ‘out-of-bag’ 

samples. Then the prediction output is calculated by combining results of all trees using 

majority votes. 

3.2.5 Density-based spatial clustering of applications with noise  

The predicted binding residues are clustered to identify the largest binding region on 

the protein surface using Density-based Spatial Clustering of Applications with 

Noise (DBSCAN) (Ester et al., 1996). The DBSCAN is a density-based clustering 

algorithm that requires a minimum number of points in a cluster (MinPts) and a parameter ε 

as the distance threshold to find the point within the distance ε of a given point. It starts 

from initial point from the input data and looks for the points within the specified distance 

and radius. This process repeats until no neighbour point can be found. DBSCAN outputs 

the cluster number and specifies the points as core (1), border (0) or noise (-1). 

3.2.6 Method development 

 Initial models were selected by employing different window sizes with a number of 

trees ranging from 50 to 400 incrementing by 50 trees in each step. We found the highest 

AUC value in ten-fold cross validation when using a window size of 3 for all features, ([Ri-

3, Ri-2, Ri-1, Ri, Ri+1, Ri+2, Ri+3], where i is the given residue).  The optimal number of trees 
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is 200, using bootstrapping samples to grow the trees and Gini function to measure the 

node impurity. Further increase of the window size or the number of trees did not 

significantly influence the prediction performance. 

For comparison, we also trained a model by SVM implemented in the libsvm 

(Chang and Lin, 2011b) as it was used in our previous study of sequence-based prediction, 

SPRINT (Taherzadeh et al., 2016a). However, by employing all features we found RF has 

better performance (details in the results section). Thus, we selected the random forest 

model for further study. 

 To further select the most discriminative features, we re-optimized the window size 

and applied sequential forward feature selection (SFFS) (Kudo and Sklansky, 2000a) for 

each feature group at the same time. This was done by starting with an empty feature set 

and applying RF on each feature group to re-optimize the window size. The feature group 

with the highest AUC was selected. Then, we added each remaining feature group with 

different window sizes, and trained a new RF model by selecting the feature group and 

window size for the highest AUC. This process was repeated until there was no 

improvement for the AUC value. As a result, G-PF, G-ASA, G-HSE, and G-SS were 

selected with optimized window size of 5, 4, 4 and 2, respectively. 

Using the selected features, RF classifier outputs predicted probability for each 

amino acid. Based on the predicted binding probability for each residue, the binding site 

was determined as below: 

1- Selecting predicted binding residues with predicted binding probability greater than a 

threshold (initially 0.2). 

2- Applying DBSCAN algorithm to cluster spatially neighbouring residues. 

3- Selecting the largest cluster from the output of DBSCAN algorithm. 

4- Control of cluster size: 

a. If the cluster contains less than 3 residues, decrease the predicted binding residue 

probability threshold by 0.02 and repeat steps 1-3.  

b. If the cluster contains more than 20 residues, select the closest residues to the 

centroid.
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Figure 3.2 The schematic diagram of SPRINT-Str. 
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 In the DBSCAN algorithm, pairwise distances are calculated between all predicted 

binding residues, and two residues are defined as neighbour if their Cα atom-Cα atom 

distance is less than 7 Å, a commonly used cut off distance (Atilgan et al., 2004). The 

residues are considered as core residues if they have at least three neighbouring residues, 

while other residues neighbouring with these core residues are border residues. Core and 

border residues are clustered together, and the biggest cluster is selected as the predicted 

binding site. Reduction of threshold is undertaken because the initial threshold of 0.2 was 

optimized for maximum MCC for predicting binding residues of all proteins, which may 

cause very few predicted binding residues in some proteins. The threshold of cluster size 

was chosen to maintain a balance of precision and sensitivity of predicted binding sites. 

Based on binding probability predicted by the above RF model, the predicted binding site is 

assessed according to the average probability on its included residues, namely the reliability 

score.  

This procedure was implemented in python using scikit-learn package (Pedregosa et 

al., 2011). A schematic diagram of our method is illustrated in Figure  3.2. 

3.3 Results and discussion 

3.3.1 Prediction of binding residues  

The performance of models trained by RF and SVM using all features as well as the 

final model in ten-fold cross validation and the independent test set is shown in Table 3.1. 

In the ten-fold cross validation, SVM model obtained an AUC value of 0.73 that is less 

than the AUC value of 0.757 achieved by RF. After feature selection for RF model, the 

AUCs for the ten-fold cross validation and the independent test set increase to 0.775 and 

0.782, with an MCC of 0.27 and 0.293, respectively. Similar performance of MCC and 

AUC values between ten-fold cross validation and the independent test set indicates the 

robustness of the final model for predicting protein-peptide binding residues. To further 

confirm the 
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consistency of our RF model, we have randomly re-sampled 30 sets of training and the 

independent test sets. 

These datasets yielded essentially the same results for all the independent test sets with an 

average MCC and AUC values of 0.27±0.02 and 0.77±0.01, respectively.  

Due to the unbalanced dataset, SPRINT-Str has chosen a high threshold (0.2) for 

achieving the maximum MCC value, which led to a low sensitivity of 0.24 to ensure high 

specificity (98%). If a lower cut off value such as 0.11 is employed, SPRINT-str yields a 

sensitivity of 0.506 with a specificity of 0.873. For completeness, the test performance in 

term of AUC, MCC, sensitivity, specificity and precision for all individual proteins is 

shown in Appendix Table A1. 

 

Table 3.1 Performance of SPRINT-Str on the 10-fold cross validation (CV) and the 

independent test set (ACC: Accuracy; SEN: Sensitivity; SP: Specificity) 

Methods Datasets MCC AUC ACC SEN SP 

SVM 

(All Features) 

CV 0.242 0.735 0.920 0.181 0.948 

Ind. Test 0.254 0.746 0.938 0.201 0.977 

Random Forest 

(All features) 

CV 0.259 0.757 0.934 0.235 0.976 

Ind. Test 0.281 0.763 0.939 0.199 0.987 

Random Forest 

(Selected features) 

CV 0.271 0.775 0.923 0.30 0.960 

Ind. Test 0.293 0.782 0.941 0.241 0.982 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    44 | P a g e  

 

 

 

Table 3.2 examines the contribution of individual feature group by using single feature 

group only or by removing it from our final model. The sequence profile group (G-PF) 

yields the highest MCC and AUC as a single feature group and has the largest drop in MCC 

and AUC when removing it. This is followed by orientation-dependent contact number (G-

HSE), solvent accessible area (G-ASA), and secondary structure (G-SS). Adding G-ASA, 

G-HSE and G-SS to G-PF improves AUC from 0.71 to 0.782.  

 

Table 3.2 Performance of Random Forest models by employing individual feature 

group or by removing each feature group from the final model. 

Feature groups
 a
 MCC AUC Feature groups 

b
 MCC AUC 

- - - SPRINT-Str 0.293 0.782 

G-PF
c
 0.268 0.711 - G-PF 0.226 0.744 

G-HSE
d
 0.175 0.66 - G-HSE 0.271 0.773 

G-ASA
e
 0.113 0.675 - G-ASA 0.284 0.747 

G-SS
f
 0.026 0.53 - G-SS 0.277 0.78 

a
 Performances based on individual feature groups 

b
 Performances  by removing each feature group from the final model 

c
G-PF: Sequence profile group from PSSM 

d
G-HSE:  Half Sphere Exposure group 

e
G-ASA:  Accessible Surface Area group 

f
G-SS: Secondary Structure group 
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It is of interest to compare the structure-based method to the method based on 

sequence only (SPRINT-Seq) (Taherzadeh et al., 2016a). To avoid having overlap between 

the independent test set of this work and the training set of SPRINT-Seq, we compared the 

results on 80 proteins (TS80) from the independent test set of SPRINT-Seq, which is a 

subset of TS125. Our structure-based method has similar performance on TS80 and TS125 

with MCC and AUC of 0.28 and 0.77, respectively, for TS80, compared to 0.29 and 0.78 

for TS125. SPRINT-Seq achieves MCC of 0.19 and AUC of 0.687, respectively. The 

improvement of our method over the sequence-based technique demonstrates the 

importance of employing accurate structural information. 

In the above prediction, both buried and exposed residues are predicted. Obviously 

buried residues are unlikely to participate in binding. Removing those residues may 

Figure 3.3 ROC curves given by various methods including sequence-based method 

SPRINT-Seq, and structure-based methods, VisGrid, PinUP, PepSite, Peptimap, and 

SPRINT-Str that employed actual structures and homology modelling structures, 
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decrease the performance of our method. To examine the effect, we have removed all 

amino acids with ASA equal to zero from proteins in the test set TS125. We found that the 

impact is small: the MCC value decreases slightly from 0.293 to 0.288. This happens 

because only 11% residues (including 8 actual binding residues) have been excluded. If we 

further remove mostly buried amino acids, the overall accuracy will decrease further but 

remains reasonable (MCC~0.25) even if we have treated all residues with relative 

ASA<80% as buried and excluded them from binding residues. 

Because most proteins do not have experimentally determined structures, we tested 

how modeled structures affect the performance. Here, we employed the fold recognition 

technique SPARKS-X (Yang et al., 2011) to generate model protein structure by using 

homology (sequence identity < 60% to the query sequence). As shown in Figure  3.3, the 

use of model structures leads to a slight decrease in the performance (MCC changing from 

0.293 to 0.251) with a median of global distance test (GDT) score of 0.695 for model 

structures. Here, the structural accuracy of a model is measured by the GDT score, which is 

1 for a perfect match with experimental structure. By comparison, the performance of 

Peptimap depends more strongly on model structural accuracy. Its MCC value decreases 

from 0.265 to 0.195 when model structures are used. 

To further assess the dependence of method performance on model structure 

quality, we made predictions for all top 10 models predicted by the template-based 

structure modelling method SPARKS-X. As shown in Appendix Figure 3.A1, the accuracy 

of predicted binding sites improves when the GDT score increases. It reaches a plateau for 

0.7<GDT1.0. In other words, using a model with GDT>0.7 is sufficient to yield a 

prediction of binding sites as accurate as using an experimental structure. Details of model 

structure quality, template structure and prediction accuracy for each protein is shown in 

Appendix Table A2. 
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Binding induced conformational changes may also affect the performance of our 

method. In order to assess the impact, we have built a list of 87 unbound chains that are the 

same or highly similar to the sequences in TS125 (sequence identity > 70%). SPRINT-Str 

has achieved an average AUC of 0.75 by using these unbound structures, which is only 

slightly lower than 0.77 based on bound structures. The performance of SPRINT-Str in 

term of AUC, MCC, sensitivity and specificity for all individual proteins (both bound and 

unbound) is shown in Appendix Table A3. 

Table 3.3 further compares this work with two other available structure-based 

approaches for protein-peptide binding sites in TS125: Peptimap (Lavi et al., 2013b) and 

Pepsite (Trabuco et al., 2012, Petsalaki et al., 2009a). We used protein structure as an input 

to Peptimap and Pepsite. For Pepsite, the native sequence of the binding peptide was 

employed. In addition, we compare our method with two other structure-based methods, 

PinUp (Liang et al., 2006) (protein-protein binding site) and VisGrid (Li et al., 2008) 

(protein-ligand binding site). The positions of these methods on AUC curves are shown in 

Figure 3.3. Our method achieved the highest MCC (0.29), AUC (0.78) and F-measure 

Table 3.3 Comparison of different methods on the TS125 test set. 

Methods MCC AUC F-measure Accuracy Sensitivity Specificity 

SPRINT-Str 0.29 0.78 0.309 0.941 0.24 0.98 

w/ model
1
 0.25 0.74 0.24 0.94 0.212 0.98 

SPRINT-Seq
a
 0.20 0.68 0.221 0.92 0.21 0.96 

Peptimap 0.27 0.63 0.294 0.92 0.32 0.95 

Pepsite 0.20 0.61 0.219 0.929 0.18 0.97 

PinUp 0.13 0.58 0.18 0.88 0.24 0.91 

VisGrid 0.15 0.63 0.19 0.89 0.24 0.928 

1 
Prediction of SPRINT-Str by using structure models built by  SPARKS-X based on 

templates with sequence identity <60% 
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(0.31), followed by Peptimap (0.26, 0.63, and 0.29, respectively). The difference in AUC 

between Peptimap and our method is significant (P-value=2E-08) statistically (Hanley and 

McNeil, 1982).  When computing MCC and AUC on individual proteins, their average 

values are 0.411 and 0.77 for SPINT-Str, and 0.224 and 0.645 for the second-best method 

Peptimap. The t-test indicates a significant difference with P-value = 2e-08 and 7e-13. 

Here, we did not compare with docking methods because they usually require peptide 

sequences and specification of binding regions. 

3.3.2 Prediction of binding sites  

Correct prediction of binding regions (binding sites) sometimes is more important 

than identification of specific residues. DBSCAN is employed to cluster and detect binding 

sites based on predicted binding probabilities (see methods).  

Figure 3.4 plots coverage as a function of precision. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑆𝑖/ 𝐵𝑖 
, where 𝑆𝑖 

is the number of true positive residues in the predicted binding site and 𝐵𝑖 is the number of 

residues in the predicted binding site. Coverage is the fraction of correctly predicted 

peptide-binding sites in all actual binding sites at a given precision value cut-off. Our 

method consistently outperforms other methods in binding site prediction. At all precision 

levels (10-100%), SPRINT-Str has coverage of between 20% and 116% higher than the 

next best methods (Peptimap at low precision and Pepsite at high precision). 
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 As an example, we demonstrate the prediction of the human tyrosine phosphatase 

protein PTPN4 PDZ domain (PDB ID: 3nfkA). In Figure  3.5, there is one false positive 

residue predicted by the residue-level prediction that was far from other predicted binding 

residues and filtered in the predicted binding site after clustering. Finally, we predicted 17 

binding residues where 15 residues are truly binding. For the homology modeling, 

SPARKS-X has detected the template 2q9vA, which is an unbound structure (not binding 

with any peptide or ligand). Despite only 26% sequence identity with the template, the 

homology model has a SP-score of 0.82 with an RMSD of 2.2 Å over all 92 residues by 

SP- align (Yang et al., 2012). Based on this model structure, we predicted 15 binding 

residues, where 12 residues are truly binding. The total accuracy is 95%, slightly lower than 

97% by using the actual structure. In addition, Figure  3.6 shows an example where 

SPRINT-Str has a relatively poor performance on the mouse socs3 in complex with a 

phosphopeptide (PDB ID: 2bbuA). There are 12 actual binding sites for this protein where 

Figure 3.4 Performance comparison on coverage and precision by several methods as 

labelled for binding-site prediction. 
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SPRINT-Str could only predict 3 and 5 correctly binding residues in the residue-level and 

region-level, respectively.   

 

Figure 3.5 (a) Actual binding residues, (b) predicted binding residues, (c) predicted binding 

region from the actual protein structure, and (d) predicted binding sites based on the 

homology model  for the PTPN4 PDZ domain (PDB ID: 3nfkA). 
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Figure 3.6 Comparing (a) Actual binding residues, (b) predicted binding residues, (c) 

predicted binding region from the protein structure (PDB ID: 2bbuA). 
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3.3.3. Discrimination from other binding types 

It would be interesting to know if our peptide-binding predictor is specific for 

peptide-binding. Here, we have made the assumption that proteins do not use the same site 

to bind chemically different ligands (carbohydrate, DNA, RNA, and peptides) as in 

previous studies  (Yan et al., 2015, Zhang and Kurgan, 2017, Miao and Westhof, 2015a) 

although it is possible that in some cases, same binding sites could bind to different ligands 

(Jeffery, 2003). 

We employed structural datasets of protein-carbohydrate complexes (Zhao et al., 

2014, Taherzadeh et al., 2016b), protein-DNA complexes (Zhao et al., 2014a) and protein-

RNA complexes (Zhao et al., 2011)  that include 152, 179, and 212 complex structures, 

Figure 3.7 The ratio of predicted binding sites for proteins binding with peptide or other 

molecular types by SPRINT-Str (enrichment factors) as a function of average 

probability (reliability score). 
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respectively. At the pre-determined threshold of 0.2, 2.4%, 1.1%, and 1.4% of total residues 

were predicted as peptide-binding residues for carbohydrate, DNA, and RNA binding 

proteins, respectively. By comparison, peptide-binding proteins have predicted 3.5% of 

total residues as binding residues, 41% of which are predicted correctly.  

To further examine whether our method can discriminate peptide-binding proteins 

from other types of binding proteins, we calculated enrichment factors of predicted peptide-

, carbohydrate-, RNA-, or DNA-binding proteins. Here, 𝐸𝐹𝑖 = (𝐵𝑖/ ∑ 𝐵𝑖)/(𝑁𝑖/ ∑ 𝑁𝑖), 

where Bi is the number of proteins having binding site with the reliability score above a 

cutoff, and Ni  is the total number of proteins for a given binding type i (peptide, 

carbohydrate, RNA, and DNA). As shown in Figure  3.7, for DNA, RNA, and 

carbohydrate-binding proteins, the enrichment factor is around 1 (random prediction) and 

significantly below 1 after reliability score is 0.2 or higher. Known peptide-binding proteins 

can have an enrichment factor significantly above 1, and the enrichment factor is above 4 

when the reliability is >0.25. Specifically, at a threshold of 0.31, the percentage of 

predicted binding sites in peptide-binding proteins is 40%, 5.5% for DNA-binding proteins, 

8% for RNA-binding proteins and carbohydrate-binding proteins, and 12.5% for all 

proteins, which leads to an enrichment factor of 3.2 for peptide binding proteins.  

To quantitatively compare against other methods, Appendix Figure 3.A2 plots an 

AUC curve for predicting peptide-binding proteins based on a threshold for predicting 

binding residues. We have employed the TS125 dataset of peptide-binding proteins 

(positive) along with 30 DNA, 30 RNA, and 30 carbohydrate binding proteins (negatives). 

We found that our method can discriminate peptide-binding proteins from other binding 

types significantly better than Peptimap, with AUC of 0.697 for SPRINT-str and 0.54 for 

Peptimap, respectively. The difference is significant (P=0.002). 

3.4 Conclusions 

In this work, we developed a machine-learning based method called SPRINT-Str to 

predict protein-peptide binding residues from protein 3D structure. We used the structural 

information in addition to the most effective sequence-based features used in our previous 

work (Taherzadeh et al., 2016a). We confirmed that evolutionary information is an 
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important discriminative feature to predict protein-peptide binding residues. Using 

information based on actual structures results in an improvement over the sequence-based 

method. The clustering algorithm DBSCAN improves prediction of binding sites by 

removing prediction noise. The performance is similar when quality homology models are 

used instead of experimental structures. The SPRINT-Str web-server is available at: 

http://sparks-lab.org/server/SPRINT-Str.    

Acknowledgements 

We would like to acknowledge the use of the High Performance Computing Cluster 

"Gowonda" to complete this research. This research/project has also been undertaken with 

the aid of the research cloud resources provided by the Queensland Cyber Infrastructure 

Foundation (QCIF). We also would like to thank the Peptimap and Pepsite authors for 

providing the webservers. 

Funding 

 This work is supported by the Australian Government Research Training Program 

Scholarship for G. T. This work is also in part supported by NHMRC (1059775 and 

1083450) and ARC (LE150100161) of Australia to Y.Z, and the National Natural Science 

Foundation of China (U1611261, 61772566) and the program for Guangdong Introducing 

Innovative and Enterpreneurial Teams (2016ZT06D211) to YY. 

 

 

 

 

 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    55 | P a g e  

 

3.5 References 

 

ALTSCHUL, S. F., MADDEN, T. L., SCHÄFFER, A. A., ZHANG, J., ZHANG, Z., 

MILLER, W. & LIPMAN, D. J. 1997. Gapped BLAST and PSI-BLAST: a new 

generation of protein database search programs. Nucleic acids research, 25, 3389-

3402. 

ATILGAN, A. R., AKAN, P. & BAYSAL, C. 2004. Small-world communication of 

residues and significance for protein dynamics. Biophysical journal, 86, 85-91. 

BERTOLAZZI, P., GUERRA, C. & LIUZZI, G. 2014. Predicting protein-ligand and 

protein-peptide interfaces. The european physical journal plus, 129, 1-10. 

BLASZCZYK, M., KURCINSKI, M., KOUZA, M., WIETESKA, L., DEBINSKI, A., 

KOLINSKI, A. & KMIECIK, S. 2016. Modeling of protein–peptide interactions 

using the CABS-dock web server for binding site search and flexible docking. 

Methods, 93, 72-83. 

BREIMAN, L. 2001. Random forests. Machine learning, 45, 5-32. 

CHANG, C.-C. & LIN, C.-J. 2011. LIBSVM: a library for support vector machines. ACM. 

TIST., 2, 27. 

CHEN, C., LIAW, A. & BREIMAN, L. 2004. Using random forest to learn imbalanced 

data. University of california, Berkeley, 1-12. 

CLARE, D. F. & CLARY, D. C. 2004. Computational studies of protein–peptide 

interactions with systematic mutation of residues. Molecular physics, 102, 939-951. 

DE VRIES, S. J., VAN DIJK, M. & BONVIN, A. M. 2010. The HADDOCK web server 

for data-driven biomolecular docking. Nature protocols, 5, 883-897. 

DIELLA, F., HASLAM, N., CHICA, C., BUDD, A., MICHAEL, S., BROWN, N. P., 

TRAVÉ, G. & GIBSON, T. J. 2008. Understanding eukaryotic linear motifs and 

their role in cell signaling and regulation. Front biosci, 13, 6580-6603. 

DOBBINS, S. E., LESK, V. I. & STERNBERG, M. J. 2008. Insights into protein 

flexibility: the relationship between normal modes and conformational change upon 

protein–protein docking. Proceedings of the national academy of sciences, 105, 

10390-10395. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    56 | P a g e  

 

DONSKY, E. & WOLFSON, H. J. 2011. PepCrawler: a fast RRT-based algorithm for 

high-resolution refinement and binding affinity estimation of peptide inhibitors. 

Bioinformatics, 27, 2836-2842. 

DYKEMAN, E. C. & SANKEY, O. F. 2010. Normal mode analysis and applications in 

biological physics. Journal of physics: condensed matter, 22, 423202. 

DYSON, H. J. & WRIGHT, P. E. 2005. Intrinsically unstructured proteins and their 

functions. Nature reviews molecular cell biology, 6, 197-208. 

ESTER, M., KRIEGEL, H.-P., SANDER, J. & XU, X. A density-based algorithm for 

discovering clusters in large spatial databases with noise.  Kdd, 1996. 226-231. 

GUO, L., LUO, C. & ZHU, S. 2013. MHC2SKpan: a novel kernel based approach for pan-

specific MHC class II peptide binding prediction. BMC genomics, 14, 1. 

HAMELRYCK, T. 2005. An amino acid has two sides: a new 2D measure provides a 

different view of solvent exposure. Proteins: structure, function, and 

bioinformatics, 59, 38-48. 

HANLEY, J. A. & MCNEIL, B. J. 1982. The meaning and use of the area under a receiver 

operating characteristic (ROC) curve. Radiology, 143, 29-36. 

HEFFERNAN, R., DEHZANGI, A., LYONS, J., PALIWAL, K., SHARMA, A., WANG, 

J., SATTAR, A., ZHOU, Y. & YANG, Y. 2016. Highly accurate sequence-based 

prediction of half-sphere exposures of amino acid residues in proteins. 

Bioinformatics, 32, 843-849. 

HEFFERNAN, R., PALIWAL, K., LYONS, J., DEHZANGI, A., SHARMA, A., WANG, 

J., SATTAR, A., YANG, Y. & ZHOU, Y. 2015. Improving prediction of secondary 

structure, local backbone angles, and solvent accessible surface area of proteins by 

iterative deep learning. Sientific report, 5. 

HOU, T., XU, Z., ZHANG, W., MCLAUGHLIN, W. A., CASE, D. A., XU, Y. & WANG, 

W. 2009. Characterization of domain-peptide interaction interface a generic 

structure-based model to decipher the binding specificity of SH3 domains. 

Molecular and cellular proteomics, 8, 639-649. 

JEFFERY, C. J. 2003. Moonlighting proteins: old proteins learning new tricks. TRENDS in 

genetics, 19, 415-417. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    57 | P a g e  

 

KABSCH, W. & SANDER, C. 1983. Dictionary of protein secondary structure: pattern 

recognition of hydrogen‐bonded and geometrical features. Biopolymers, 22, 2577-

2637. 

KUDO, M. & SKLANSKY, J. 2000. Comparison of algorithms that select features for 

pattern classifiers. Pattern recognition., 33, 25-41. 

KUNDU, K., COSTA, F., HUBER, M., RETH, M. & BACKOFEN, R. 2013. Semi-

supervised prediction of SH2-peptide interactions from imbalanced high-throughput 

data. PloS one, 8, e62732. 

LAVI, A., NGAN, C. H., MOVSHOVITZ‐ATTIAS, D., BOHNUUD, T., YUEH, C., 

BEGLOV, D., SCHUELER‐FURMAN, O. & KOZAKOV, D. 2013. Detection of 

peptide‐binding sites on protein surfaces: The first step toward the modeling and 

targeting of peptide‐mediated interactions. Proteins: structure, function, 

bioinformatics, 81, 2096-2105. 

LEE, H., HEO, L., LEE, M. S. & SEOK, C. 2015. GalaxyPepDock: a protein–peptide 

docking tool based on interaction similarity and energy optimization. Nucleic acids 

research, gkv495. 

LI, B., TURUVEKERE, S., AGRAWAL, M., LA, D., RAMANI, K. & KIHARA, D. 2008. 

Characterization of local geometry of protein surfaces with the visibility criterion. 

Proteins: structure, function, and bioinformatics, 71, 670-683. 

LIANG, S., ZHANG, C., LIU, S. & ZHOU, Y. 2006. Protein binding site prediction using 

an empirical scoring function. Nucleic acids research, 34, 3698-3707. 

LIAW, A. & WIENER, M. 2002. Classification and regression by randomForest. R news, 

2, 18-22. 

LONDON, N., MOVSHOVITZ-ATTIAS, D. & SCHUELER-FURMAN, O. 2010. The 

structural basis of peptide-protein binding strategies. Structure, 18, 188-199. 

LONDON, N., RAVEH, B. & SCHUELER-FURMAN, O. 2012. Modeling peptide–protein 

interactions. Homology modeling: methods and protocols, 375-398. 

LONDON, N., RAVEH, B. & SCHUELER-FURMAN, O. 2013. Peptide docking and 

structure-based characterization of peptide binding: from knowledge to know-how. 

Current opinion in structural biology, 23, 894-902. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    58 | P a g e  

 

LÓPEZ-BLANCO, J. R., ALIAGA, J. I., QUINTANA-ORTÍ, E. S. & CHACÓN, P. 2014. 

iMODS: internal coordinates normal mode analysis server. Nucleic acids research, 

42, W271-W276. 

MIAO, Z. & WESTHOF, E. 2015. A large-scale assessment of nucleic acids binding site 

prediction programs. PloS  computational biology, 11, e1004639. 

NEDUVA, V., LINDING, R., SU-ANGRAND, I., STARK, A., DE MASI, F., GIBSON, T. 

J., LEWIS, J., SERRANO, L. & RUSSELL, R. B. 2005. Systematic discovery of 

new recognition peptides mediating protein interaction networks. PLoS biology, 3, 

e405. 

NIV, M. Y. & WEINSTEIN, H. 2005. A flexible docking procedure for the exploration of 

peptide binding selectivity to known structures and homology models of PDZ 

domains. Journal of the american chemical society, 127, 14072-14079. 

OLMEZ, E. O. & AKBULUT, B. S. 2012. Protein-peptide interactions revolutionize drug 

development,  In Binding protein. InTech. 

PAWSON, T. & NASH, P. 2003. Assembly of cell regulatory systems through protein 

interaction domains. Science, 300, 445-452. 

PEDREGOSA, F., VAROQUAUX, G., GRAMFORT, A., MICHEL, V., THIRION, B., 

GRISEL, O., BLONDEL, M., PRETTENHOFER, P., WEISS, R. & DUBOURG, 

V. 2011. Scikit-learn: Machine learning in Python. Journal of machine learning 

research, 12, 2825-2830. 

PENNA, G., AMUCHASTEGUI, S., COSSETTI, C., AQUILANO, F., MARIANI, R., 

GIARRATANA, N., DE CARLI, E., FIBBI, B. & ADORINI, L. 2007. Spontaneous 

and prostatic steroid binding protein peptide-induced autoimmune prostatitis in the 

nonobese diabetic mouse. The journal of immunology, 179, 1559-1567. 

PETSALAKI, E. & RUSSELL, R. B. 2008. Peptide-mediated interactions in biological 

systems: new discoveries and applications. Current opinion in biotechnology, 19, 

344-350. 

PETSALAKI, E., STARK, A., GARCÍA-URDIALES, E. & RUSSELL, R. B. 2009. 

Accurate prediction of peptide binding sites on protein surfaces. PLoS  

computational biology , 5, e1000335. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    59 | P a g e  

 

RAVEH, B., LONDON, N., ZIMMERMAN, L. & SCHUELER-FURMAN, O. 2011. 

Rosetta FlexPepDock ab-initio: simultaneous folding, docking and refinement of 

peptides onto their receptors. PLoS one, 6, e18934. 

REN, R., MAYER, B. J., CICCHETTI, P. & BALTIMORE, D. 1993. Identification of a 

ten-amino acid proline-rich SH3 binding site. Science, 259, 1157-1157. 

RUBINSTEIN, M. & NIV, M. Y. 2009. Peptidic modulators of protein‐protein interactions: 

progress and challenges in computational design. Biopolymers, 91, 505-513. 

SALADIN, A., REY, J., THÉVENET, P., ZACHARIAS, M., MOROY, G. & TUFFÉRY, 

P. 2014. PEP-SiteFinder: a tool for the blind identification of peptide binding sites 

on protein surfaces. Nucleic acids research, 42, W221-W226. 

STANFIELD, R. L. & WILSON, I. A. 1995. Protein-peptide interactions. Current opinion 

in structural biology, 5, 103-113. 

TAHERZADEH, G., YANG, Y., ZHANG, T., LIEW, A. W. C. & ZHOU, Y. 2016a. 

Sequence‐based prediction of protein–peptide binding sites using support vector 

machine. Journal of computational chemistry, 37, 1223-1229. 

TAHERZADEH, G., ZHOU, Y., LIEW, A. W.-C. & YANG, Y. 2016b. Sequence-based 

prediction of protein–carbohydrate binding sites using support vector machines. 

Journal of chemical information and modeling, 56, 2115-2122. 

TOVAR, C., ROSINSKI, J., FILIPOVIC, Z., HIGGINS, B., KOLINSKY, K., HILTON, 

H., ZHAO, X., VU, B. T., QING, W. & PACKMAN, K. 2006. Small-molecule 

MDM2 antagonists reveal aberrant p53 signaling in cancer: implications for 

therapy. Proceedings of the national academy of sciences of the united states of 

america, 103, 1888-1893. 

TRABUCO, L. G., LISE, S., PETSALAKI, E. & RUSSELL, R. B. 2012. PepSite: 

prediction of peptide-binding sites from protein surfaces. Nucleic acids research, 

40, W423-W427. 

VERSCHUEREN, E., VANHEE, P., ROUSSEAU, F., SCHYMKOWITZ, J. & 

SERRANO, L. 2013. Protein-peptide complex prediction through fragment 

interaction patterns. Structure, 21, 789-797. 

VLIEGHE, P., LISOWSKI, V., MARTINEZ, J. & KHRESTCHATISKY, M. 2010. 

Synthetic therapeutic peptides: science and market. Drug discovery today, 15, 40-

56. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    60 | P a g e  

 

YAN, C., XU, X. & ZOU, X. 2016. Fully Blind Docking at the Atomic Level for Protein-

Peptide Complex Structure Prediction. Structure, 24, 1842-1853. 

YAN, C. & ZOU, X. 2015. Predicting peptide binding sites on protein surfaces by 

clustering chemical interactions. Journal of computational chemistry, 36, 49-61. 

YAN, J., FRIEDRICH, S. & KURGAN, L. 2015. A comprehensive comparative review of 

sequence-based predictors of DNA-and RNA-binding residues. Briefings in 

bioinformatics, 17, 88-105. 

YANG, J., ROY, A. & ZHANG, Y. 2013. BioLiP: a semi-manually curated database for 

biologically relevant ligand–protein interactions. Nucleic acids research, 41, 

D1096-D1103. 

YANG, Y., FARAGGI, E., ZHAO, H. & ZHOU, Y. 2011. Improving protein fold 

recognition and template-based modeling by employing probabilistic-based 

matching between predicted one-dimensional structural properties of query and 

corresponding native properties of templates. Bioinformatics, 27, 2076-2082. 

YANG, Y., ZHAN, J., ZHAO, H. & ZHOU, Y. 2012. A new size-independent score for 

pairwise protein structure alignment and its application to structure classification 

and nucleic-acid binding prediction. Proteins, 80, 2080-8. 

ZHANG, H., LUND, O. & NIELSEN, M. 2009. The PickPocket method for predicting 

binding specificities for receptors based on receptor pocket similarities: application 

to MHC-peptide binding. Bioinformatics, 25, 1293-1299. 

ZHANG, J. & KURGAN, L. 2017. Review and comparative assessment of sequence-based 

predictors of protein-binding residues. Briefings in bioinformatics, bbx022. 

ZHAO, H., WANG, J., ZHOU, Y. & YANG, Y. 2014. Predicting DNA-binding proteins 

and binding residues by complex structure prediction and application to human 

proteome. PloS one, 9, e96694. 

ZHOU, H., XU, Y., YANG, Y., HUANG, A., WU, J. & SHI, Y. 2005. Solution structure of 

AF-6 PDZ domain and its interaction with the C-terminal peptides from Neurexin 

and Bcr. journal of biological chemistry, 280, 13841-7. 

ZHAO, H., YANG, Y., VON ITZSTEIN, M. & ZHOU, Y. 2014. Carbohydrate-binding 

protein identification by coupling structural similarity searching with binding 

affinity prediction. journal of  compututational chemistry, 35, 2177-83. 



CHAPTER 3. PROTEIN-PEPTIDE BINDING REGIONS PREDICTION 

    61 | P a g e  

 

ZHAO, H., YANG, Y. & ZHOU, Y. 2011. Structure-based prediction of RNA-binding 

domains and RNA-binding sites and application to structural genomics targets. 

Nucleic acids research, 39, 3017-25. 

 

 

 

 

 

 



 

    62 | P a g e  

 

Chapter 4  

Sequence-based prediction of protein–carbohydrate 

binding sites using support vector machine 

 

This chapter is the following published paper. 

Taherzadeh, G., Zhou, Y., Liew, A. W. C., & Yang, Y. (2016). Sequence-based 

prediction of protein–carbohydrate binding sites using support vector machine. Journal 
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ABSTRACT 

Carbohydrate-binding proteins play significant roles in many diseases including 

cancer. Here, we established a machine-learning-based method (called Sequence-based 

Prediction of Residue-level INTeraction sites of carbohydrates, SPRINT-CBH) to 

predict carbohydrate-binding sites in proteins by using Support vector machine (SVM). 

We found that integrating evolution-derived sequence profiles with additional 

information of sequence and predicted solvent accessible surface area leads to a 

reasonably accurate, robust, predictive method, with area under receiver operating 

characteristic curve (AUC) of 0.78 and 0.77, and Matthew’s correlation coefficient of 

0.34 and 0.29, respectively for ten-fold cross validation and the independent test set 

without balancing binding and non-binding residues. The quality of the method is 

further demonstrated by having statistically significantly more binding residues 

predicted for carbohydrate-binding proteins than presumptive non-binding proteins in 

the human proteome, and by the bias of rare alleles toward predicted carbohydrate-

binding sites for non-synonymous mutations from the 1000 genome project. SPRINT-

CBH is available as an online server at: http://sparks-lab.org/server/SPRINT-CBH. 

Keywords: Protein–carbohydrate, Binding site, Sequence-based, Prediction, 

Features, Machine Learning, Support vector machines. 
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4.1 Introduction 

The essential molecules of life are nucleic acids, lipids, proteins, and 

carbohydrates (or glycans). The interactions between proteins and carbohydrates 

mediate diverse biological functions, including cellular adhesion, cellular recognition, 

and signal transduction (Shin et al., 2005). In fact all surfaces of living cells are 

decorated by glycoproteins and glycolipids. These exposed carbohydrates serve as key 

components in cell-cell communication. It is the first line of defense for human cells 

against pathogens (McKinley et al., 2015). It is also the first layer of protection for 

pathogens (Costerton et al., 1981). Carbohydrate-binding proteins (or glycan-binding 

proteins), which play a central role in recognizing these cell-surface carbohydrates, are 

useful as biomarkers and/or drug targets (Brown and Higgins, 2010, François and 

Balzarini, 2012, Nakahara and Raz, 2008) . Figure 4.1 shows some examples of protein-

carbohydrate complexes. Protein-carbohydrate interactions, however, are challenging to 

study experimentally because of weak binding affinity and synthetic complexity of 

specific carbohydrates (Colak et al., 2015). As a result, computational prediction 

becomes an important complementary tool. 

One important aspect of studies in protein-carbohydrate interactions is to locate 

the sites of proteins that bind to carbohydrates. The first method for predicting protein-

carbohydrate binding sites from a known protein structure was proposed by Taroni et al 

(Taroni et al., 2000). They evaluated six attributes of amino acids (solvation potential, 

residue propensity, hydrophobicity, planarity, protrusion and relative accessible surface 

area) and found that a simple combination of three parameters (residue propensity, 

protrusion index, and solvent accessibility) can be employed for predicting binding sites 

with an overall accuracy of 65% for a set of 40 protein-carbohydrate complexes. Sujatha 

and Balaji developed another structure-based method called COTRAN for predicting 

protein-galactose binding sites (Sujatha and Balaji, 2004a). They employed a 

combination of geometrical and structural features that allow detection of potential 

galactose-binding sites with a very high specificity and sensitivity based on known 

galactose-binding proteins in the same structural fold. Kulharia et al. developed InCa-

SiteFinder for predicting inositol and carbohydrate binding sites on the protein surface 

(Kulharia et al., 2009). The method was based on amino acid propensities and the van 

der Waals interaction energy between protein and a probe. A continuous surface pocket 
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interacting with probes was predicted as binding sites. Nassif et al. employed random 

forests for feature selections and selected chemical and residue features, such as 

charges, hydrophobicity, and hydrogen bonding, and input them into support vector 

Figure 4.1 Example of protein-carbohydrate complexes.  
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machines for predicting protein-glucose binding sites (Nassif et al., 2009). More 

recently, Tsai et al. predicted binding sites by using neural networks and support-vector-

machines with probability distributions of interacting atoms in protein surfaces as input 

(Tsai et al., 2012).
 

 The above-mentioned structure-based methods for binding site prediction rely 

on protein structures that are often not available. In 2007, Malik and Ahmad developed 

the first sequence-based method (Malik and Ahmad, 2007b). They used a simple neural 

network with the Position Specific Scoring Matrix (PSSM) as their input features. The 

method was tested by leave-one-out strategy and achieved the average of 87% 

sensitivity and 23% specificity for a dataset of 40 protein-carbohydrate complexes. Pai 

and Mondal further developed a method called MOWGLI specific for mannose binding 

sites by using an ensemble of classifiers with PSSM as input (Pai and Mondal, 2015). 

Agarwal et al also developed a similar method for predicting mannose-binding sites by 

using PSSM (Agarwal et al., 2011). Thus, for predicting non-specific carbohydrate-

binding sites, there exists only one sequence-based method (Malik and Ahmad, 2007b). 

The method was subjected to a limited test (leave-one-out) and relied on sequence 

profiles from PSSM only. Moreover, lack of an on-line server or a standalone 

downloadable version further limits the usefulness of the method developed.  

While only a few methods are dedicated to carbohydrate-binding sites, many 

other methods have been established for binding site prediction in protein-protein (Deng 

et al., 2013, Lei and Ruan, 2013, Pierce et al., 2014, Rao et al., 2014, Liang et al., 

2006), protein-DNA (Lin and Chen, 2013, Si et al., 2011, Zhou and Yan, 2010, Zhao et 

al., 2014a), protein-RNA (Murakami et al., 2010, Zhang et al., 2010b, Zhao et al., 

2011), protein-ligand (Bolia et al., 2014, Komiyama et al., 2015, Yang et al., 2016) and 

protein-peptide (Lavi et al., 2013b, Petsalaki et al., 2009a, Taherzadeh et al., 2016a) 

interactions. Many sequence-based techniques above have shown that integration of 

PSSM with physico-chemical properties of amino acid residues and predicted structural 

properties such as predicted secondary structures and solvent accessible surface area 

will significantly improve the overall performance of sequence-based techniques. 

The objective of this paper is to develop an accurate sequence-based method by 

integrating sequence and predicted structural features for prediction of non-covalent 

carbohydrate-binding sites. We investigated the effectiveness of various feature groups 
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for protein-carbohydrates binding site prediction. Effective features were selected to 

build a classifier based on support vector machine (SVM). The new method, called 

SPRINT–CBH (Sequence-based Prediction of Residue-level INTeraction sites of 

carbohydrates), was trained and cross-validated by 102 carbohydrate-binding proteins 

and independently tested by 50 proteins with known high-resolution protein-

carbohydrate complex structures. Although the datasets contain significantly more non-

binding residues than binding residues, we found that the model developed by direct 

training on unbalanced full datasets improved over the methods trained on more 

balanced datasets by employing under-sampling and oversampling techniques. The 

quality of the method was further confirmed by similar performance of cross validation 

and the independent test set on the full dataset, the application to a protein-peptide 

binding dataset as a control, identification of the number of predicted binding residues 

within annotated carbohydrate-binding and non-binding proteins in the human 

proteome, and examination of the frequency of rare single nucleotide variants from the 

1000 Genomes Project in predicted carbohydrate-binding sites. 

4.2 Materials and methods 

4.2.1 Dataset  

The dataset for protein-carbohydrate complex structures was obtained by 

combining the dataset curated from the previous work (Zhao et al., 2014b) and the 

structures collected in Glyco3d (Pérez et al., 2015). We removed all glycosylated 

proteins because we are interested in non-covalent binding only. The dataset in the 

previous work was obtained from the PROCARB database (Malik et al., 2010). After 

removing low resolution (>3 Å) complexes and redundant proteins with a sequence 

identity cut-off of 30%, the dataset contains 113 protein-carbohydrate complexes. In 

addition, Glyco3d database (available from http://glyco3d.cermav.cnrs.fr/home.php) 

contains more than 1000 three-dimensional structures of protein-carbohydrate 

complexes. The combined set was filtered by removing proteins of low-resolution 

structures (>3 Å) and homologous proteins (>30% sequence similarity according to 

BLAST-CLUST (Johnson et al., 2008)). The final set has 152 protein-carbohydrate 

complexes, one third of which (50 proteins) was randomly chosen as the independent 

http://glyco3d.cermav.cnrs.fr/home.php
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test set (TS50) and the remaining (102 proteins) as the training and cross-validation set 

(TR102). These proteins are listed in our website.  

For each protein, binding residues were defined by using its corresponding 

protein-carbohydrate complex structure. We defined a residue as a carbohydrate-binding 

site if any atom in the residue is within 3.5 Å (Malik and Ahmad, 2007b, Miao and 

Westhof, 2015b) from any carbohydrate atom. For the 152 carbohydrate-binding 

proteins we obtained 1,530 binding and 39,484 non-binding residues. Because this 

dataset has 26 times more non-binding residues than binding residues, we have balanced 

the TR102 dataset using under-sampling (Yen and Lee, 2006a) and SMOTE (Chawla et 

al., 2002) techniques and compared the methods trained on more balanced datasets with 

the method trained on the full dataset.  

Under-sampling was done by randomly selecting a portion of non-binding 

residues so that its number is the same as the number of binding sites for each protein. 

This balanced dataset with the ratio of 1:1 contains 1,042 binding and 1,042 non-

binding residues in TR102. The SMOTE technique (Chawla et al., 2002), on the other 

hand, under-sampling the majority class and over-sampling the minority class, to 

balance the TR102 dataset. The balanced dataset produced by SMOTE has 20,816 

residues with the ratio of ≈ 1:4 (4,168 binding and 16,648 non-binding residues). We 

would like to emphasize that all balanced datasets are only utilized for training and the 

full dataset is employed in cross-validation and the independent test set because in the 

real-world situation the number of binding residues involving in carbohydrate-binding 

is only a small portion of all residues in a protein.  

A cutoff of 3.5 Å for defining binding residues is somewhat arbitrary. Thus, we 

also employed a cutoff of 6 Å. This nearly doubled the number of binding residues 

(3044 binding and 37970 non-binding residues) for 152 carbohydrate-binding proteins. 

The ratio (binding: non-binding) is ≈1:12. 

4.2.2 Input features  

Sequence information. Each amino acid residue is represented by 1 for its 

residue type in a 20-dimensional vector (0 for all other rows). Similar to previous work 

(Chen et al., 2012),
 
we have also employed a one-dimensional vector as terminus 
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indicator: terminal residues (the first and last 3 residues) are represented by 1 and other 

residues are by 0. 

Evolutionary information. Evolutionary conserved residues may have 

functional roles such as binding (Glaser et al., 2003). Here we employed the Position 

Specific Scoring Matrix (PSSM) which is a 20*L dimensional matrix (where L is 

protein length) generated from PSI-BLAST using E-value threshold of 0.001 in three 

iterations (Altschul et al., 1997). In addition, we calculated information entropy from 

PSSM, SE =  ∑ Pi,j × ln(Pi,j)
j=20
j=1 , where Pi,j is the probability matrix at residue i, and j 

represents 20 standard amino acids. We also evaluated close neighbor correlation 

coefficient (CNCC), the Pearson’s correlation coefficient (PCC) between Pij of the 

query residue and those of its neighbors within a selected window.  

 We investigated seven sequence-based and sequence-derived structural features 

that have been used successfully for predicting protein-peptide binding sites 

(Taherzadeh et al., 2016a). 

Sequence-derived Structural information. Solvent Accessible Surface Area 

(ASA) and Secondary Structure (SS) are two structural features that are highly related 

to binding. We used SPIDER 2.0 (Heffernan et al., 2015d), a newly developed tool, to 

obtain predicted ASA at a residue level that is normalized by its residue’s maximal 

possible ASA (rASA). We also calculated a window-averaged rASA. In addition, 

SPIDER 2.0 provides prediction of SS and three-state (helix, coil, and sheet) probability 

(SSprob). Based on the predicted residue-specific secondary structure, we evaluated the 

following segment-based features: the fraction of each SS type in a slide window 

(SScont), three-residue (the query and two nearest neighbors) 27-dimensional 

secondary-structural binary vector (SStri), the number of continuous residues containing 

the query residue in the same SS type segment (SegLen), and the position of the query 

residue in the SS segment from both ends.  

Physicochemical properties. We utilized seven representative physicochemical 

features of amino acids (Meiler et al., 2001b). These features are steric parameter, 

hydrophobicity, volume, polarizability, isoelectric point, helix probability, and sheet 

probability.  
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Protein disordered region. Intrinsically Disordered  Regions (IDRs) in proteins 

may be involved in binding to the target partner (Hsu et al., 2013) by induced fit. We 

employed SPINE-D (Zhang et al., 2012) to obtain predicted probability of being 

disordered for a given residue along the protein sequence.  

Protein Length. We employed protein lengths as the only global feature in our 

feature vector (Wang et al., 2013).   

All the above seven feature groups for a query residue along with its 

neighboring residues within a sliding window were examined for their usefulness for 

carbohydrate-binding prediction. Only some of these features will be selected for the 

final model as described below. 

4.2.3 Support vector machine 

As shown in Figure  4.2, we used SVM with RBF kernel implemented in 

LibSVM (Chang and Lin, 2011b)
 
to build our predictive

 
model. The performance of 

SVM with the RBF kernel depends on two parameters: gamma and C. We optimized 

these two parameters using a grid search implemented in LibSVM and chose the 

parameters that resulted in the highest MCC for our cross-validation set. The optimal 

values for gamma and C parameters along with the input window size were found to be 

0.05, 1, and 4, respectively. For a window size of four residues at each side, the total 

number of features is 538. We further reduced the number of features by sequential 

forward feature selection (SFFS) (Kudo and Sklansky, 2000a). SFFS starts from the 

empty feature set and adds a feature or a feature group that yields the highest 

performance in each iteration until no further improvement can be made.  

4.2.4 Cross validation and independent test set 

 We performed the protein-based ten-fold cross-validation on the training set 

(TR102). That is, proteins (not residues) in the training set were separated into 10 parts 

(folds). In each round nine folds were employed for training and one fold as test. The 

test fold consists of the unbalanced, full list of binding and non-binding residues while 

the training set (9 folds) can be the full set or more balanced sets by under-sampling or 

the SMOTE sampling technique depending on the methods. This process was repeated 

10 times. The trained model was further tested on the independent test set (TS50) to 
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confirm the generality of the developed method. This independent test set also has the 

full list of binding and nonbinding residues. 

4.2.5 Performance evaluation criteria 

The overall performance of the method is assessed by Matthews Correlation 

Coefficient (MCC), accuracy, and sensitivity, specificity that are defined as below. 

𝑀𝐶𝐶 =  
(𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

(𝐹𝑃 + 𝑇𝑁)
 

where TP is the number of actual binding residues predicted as binding sites 

(True Positive), TN is the number of actual non-binding residues predicted as non-

binding sites (True Negative), FP is the number of actual non-binding residues 

incorrectly predicted as binding sites (False Positive), and FN is the number of actual 

binding residues incorrectly predicted as non-binding sites (False Negative). In addition, 

Figure 4.2 The flowchart of SPRINT-CBH. Over a query sequence, seven feature 

groups are extracted, and input for the trained SVM model for prediction. 
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we also employed the Area Under the Receiver Operating Characteristic (ROC) Curve 

(AUC). The MCC and AUC are balanced measures for unbalanced datasets. 

4.3 Results and discussion 

 Table 4.1 and Figure  4.3a compare the performance of three approaches for 

handling the unbalanced datasets: under-sampling of the non-binding set, under-

sampling of nonbinding and oversampling of binding sets (SMOTE), and the direct use 

of unbalanced sets. It shows that SMOTE improves over under-sampling in MCC and 

AUC values for the independent test set while training on the unbalanced full datasets 

has the best performance. MCC values for the independent test set increase from 0.195 

by under-sampling, 0.223 by SMOTE to 0.270 by non-sampling (the use of the full 

dataset). AUC values increase from 0.755, 0.762 to 0.767, respectively. We note that 

the change of AUC values between the cross validation and the independent test set is 

the smallest for training on the unbalanced full datasets, indicating the robustness of the 

training. Table 4.1 also shows consistent high accuracy for all methods because the test 

dataset is dominated by non-binding residues. Results of sensitivity and specificity are 

based on the threshold determined by maximizing MCC values. Low but reasonable 

sensitivity (~27%) was obtained at high specificity (98%) for the independent test set by 

Table 4.1 Performance of the ten-fold cross-validation and the independent test set on 

the full and balanced datasets by SVM models. 

 Training 

Set  
MCC AUC Accuracy Sensitivity Specificity 

Under-

sampling 

CV
[a]

 0.250 0.773 0.950 0.180 (0.229
b
) 0.989 (0.979

 b
) 

Test
[c]

 0.195 0.755 0.906 0.389 (0.174
b
) 0.925 (0.979

 b
) 

SMOTE  
CV

[a]
 0.260 0.752 0.964 0.150 (0.265

b
) 0.999 (0.979

 b
) 

Test
[c]

 0.223 0.762 0.958 0.18 (0.166
b
) 0.986 (0.979

 b
) 

Unbalanced  
CV

[a]
 0.330 0.765 0.966 0.234 (0.274

b
) 0.985 (0.979

 b
) 

Test
[c]

 0.270 0.767 0.954 0.266 0.979 

[a]. Cross validated on the full training set; 

[b]. Sensitivity when thresholds are set by fixing specificity at 97.9%; 

[c]. Results on the full independent test set. 
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training on unbalanced datasets. By comparison, if other approaches also set specificity 

at 98% for a threshold, the sensitivities for the independent test set are much lower at 

0.166 for SMOTE and 0.174 for under-sampling, respectively.  

Results above indicate that both under-sampling and the combination of under-

sampling and oversampling do not perform as well as the direct training on the 

unbalanced dataset. This is largely because the model based on the under-sampling 

technique is not sufficiently trained against the wide variety of negative samples. Thus, 

training on a dataset dominated by negative samples did not bias the method to over-

predict non-binding residues. In addition to the under-sampling technique and the 

SMOTE method mentioned above, we have also examined the possibility of applying 

different weights for the minor class (binding residues). This technique, however, did 

not improve over our current model with the same weight to minor and major classes.  

The above results were obtained by the full-feature set (538 features). To reduce 

possible overtraining, feature selection was performed by starting from the best feature 

group and then adding one feature group at a time. Here we focus on models trained on 

the unbalanced dataset only as they have the best performance. Four feature groups 

were selected as PSSM-based, Sequence-based, ASA-based, and protein length. As 

shown in Table 4.2 and Figure  4.3b, the reduced feature model yields a slightly better 

performance in the ten-fold cross validation as well as in the independent test set, while 

the differences between ten-fold cross validation and the independent test set are 

essentially the same despite different number of selected features. The small difference 

in AUC between the cross-validation and the independent test sets further indicates the 

robustness of the method developed.   
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Figure 4.3 a) Receiver operating characteristic curves on the unbalanced, full test set by 

using the trained dataset produced by under-sampling, SMOTE as well as the unbalanced, 

full dataset as labelled. b) Receiver operating characteristic curves on the unbalanced, full 

test set by using PSSM only, the full-feature model, and the reduced-feature model all 

trained on the unbalanced, full dataset. 
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Table 4.3 compares the importance of four different feature groups in the final 

reduced-feature model by examining them individually and by removing them from the 

final model. The PSSM-based feature group has the best performance with MCC=0.241 

as a single feature group (See Fig. 2B) while removing the PSSM-based feature group 

Table 4.2 Performance of the ten-fold cross-validation and the independent test sets on 

the unbalanced dataset by SVM models before and after feature selections. 

# Features  MCC AUC Accuracy Sensitivity Specificity 

538 
CV

[a] 0.330 0.765 0.966 0.234(0.226
[b]

) 0.985(0.988) 

Test
[c] 0.270 0.767 0.954 0.266(0.197

[b]
) 0.979(0.988) 

400 
CV

[a] 0.335 0.777 0.965 0.188(0.238
[b]

) 0.996(0.988) 

Test
[c] 0.285 0.772 0.961 0.223 0.988 

[a]. Cross validated on the full training set;  

[b]. Sensitivity when thresholds are set by fixing specificity at 97.9%;  

[c]. Results on the full independent test set. 

Table 4.3 The performance of four individual feature groups in the final reduced model 

for the unbalanced data set along with the result of removing the feature group for the 

reduced model. 

Feature

s group 

(Final 

model) 

Individual feature group performance 
Feature group removed from the reduced 

model 

 MCC AUC Sensitivity Specificity MCC AUC Sensitivity Specificity 

PSSM-

based 
 0.241 0.73 0.209 0.984  0.183 0.713 0.082 0.996 

Sequen

ce-

based 

 0.134 0.67 0.129 0.981 0.243 0.752 0.166 0.991 

ASA-

based  
 0.053 0.58 0.836 0.295 0.281 0.771 0.215 0.989 

Protein 

length
 

 0.03 0.52 0.90 0.22 0.281 0.771 0.215 0.989 
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decreased MCC from 0.335 to 0.18. This performance is followed by the sequence-

based feature, ASA-based and protein length. It is interesting that secondary-structure-

based, physio-chemical properties, and predicted protein disordered region were 

removed during feature selection.  

 It is of interest to examine the performance on proteins binding with different 

types of carbohydrates. There are 15 mannose, 25 glucose, 32 galactose, 29 

glucosamine, 20 amino, 6 sialic acids and 3 sulfated carbohydrates in the training/cross-

validation set and 10 mannose,  12 glucose, 13 galactose, 14 glucosamine, 8 amino, 4 

sialic acids and 3 sulfated carbohydrates for the independent test set, respectively. 

Because of the small sets and stable performance between training and the independent 

test sets, we combined the proteins from two sets for analysis. 

 As shown in Table 4.4, all carbohydrate types except glucosamine, amino and 

sulfated carbohydrates have an AUC around 0.75 that is very close to the overall 

performance (0.77). The differences between individual and overall ROC curves from 

the independent test set are not statistically significant (p > 0.05) for mannose, glucose, 

galactose and sialic acid and statistically significant for glucosamine, amino, and 

sulfated carbohydrates according to the significance of the difference between the areas 

under two independent ROC curves test (DeLong et al., 1988). Except sialic acids, the 

Table 4.4 The results of the reduced-feature model on the unbalanced dataset in different 

types of carbohydrates. 

Types 
 

No. 
P-value AUC MCC Accuracy Sensitivity Specificity 

Test only 50 NA 0.772 0.285 0.961 0.223 0.988 

Glucose 37 0.958 0.773 0.209 0.940 0.305 0.960 

Mannose 25 0.516 0.758 0.344 0.956 0.227 0.992 

Galactose 45 0.326 0.753 0.306 0.969 0.167 0.996 

Sialic acids 10 0.4255 0.745 0.24 0.972 0.095 0.99 

Sulfated 6 0.0184 0.697 0.2 0.904 0.365 0.926 

Glucosamine 43 0.000049 0.694 0.214 0.956 0.133 0.991 

Amino 28 0.000029 0.682 0.184 0.95 0.144 0.985 
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performance for three charged carbohydrates (glucosamine, amino, and sulfated 

carbohydrates) is lower, suggesting that it may be more difficult to predict the binding 

sites of charged molecules. However, the binding datasets for these specific 

carbohydrates are all too small to make a conclusive assessment. It may be beneficial to 

train binding sites of charged and uncharged carbohydrates separately when more data 

become available.  

Figure 4.4 a) The actual (left) versus predicted (right) binding sites (in red) of a) D-

mannose-binding protein FimH of E. coli (PDB ID: 4cst) in the test set and b) Epithelial 

Adhesin from Candida glabrata (PDB ID: 4af9) in the test set. 
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Figure  4.4 demonstrates two successful examples of actual versus predicted 

binding sites. Figure 4.4a shows the result of D-mannose-binding protein FimH of E. 

coli in the test set. From the structure (PDB ID: 4cst), there are 11 binding residues over 

a total of 159 residues. Our method predicts eight binding residues that are all correct. 

Figure 4.4b illustrates another case of glucose-binding protein epithelial adhesin 1 A 

domain (Epa1A) from Candida glabrata (PDB ID: 4af9). This 229-residue protein has 

seven binding sites. SPRINT-CBH predicts all binding sites plus one misclassified 

residue that is separated from the main actual binding region. Moreover, Figure  4.5 

shows an example of low SPRINT-CBH prediction performance on the bovine 

coronavirus spike protein with lectin domain (PDB ID: 4h14, chain A). There are 6 

actual binding sites identified for this protein. In this case, SPRINT-CBH predicted 4 

binding residues which only one of them is correctly predicted.  

Our method for carbohydrate binding-site prediction employed features, such as 

PSSM and predicted ASA, that are commonly employed for predicting other binding 

sites such as protein-peptide interactions by SPRINT-peptide (Taherzadeh et al., 2016a). 

Thus, it is of interest to know whether or not they are predicting the same binding sites. 

We found that applying SPRINT-peptide to our independent test set leads to 0.668 for 

Figure 4.5 The actual (left) versus predicted (right) binding sites (in red) of bovine 

coronavirus spike protein with lectin domain (PDB ID: 4h14, chain A) in the test set.  
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AUC and 0.118 for MCC, compared to 0.772 and 0.285 by SPRINT-CBH. On the other 

hand, applying this method to 50 protein-peptide complexes achieved 0.614 for AUC 

and 0.07 for MCC, compared to 0.687 for AUC and 0.182 for MCC by SPRINT-

peptide.  This indicates that developing dedicated methods for binding sites specific for 

target molecules are necessary despite similar features being involved.   

To further test our method, we obtained all human proteins that were annotated 

as lectin or carbohydrate binding from UniProt (Consortium, 2014). After mapping 

them to non-redundant (less than 30% sequence identity) CCDS protein set, 462 CCDS 

proteins are considered as annotated carbohydrate binding proteins, and the remaining 

16946 proteins are considered as non-carbohydrate binding proteins. It should be noted 

that the set of non-carbohydrate binding proteins might contain proteins binding with 

carbohydrates because proteins often have multiple functions. By the pre-determined 

threshold of 0.18, 1,568 binding residues were predicted out of 356,737 total number of 

residues for the carbohydrate-binding proteins (0.43%), which is 2.7 times more than 

those in presumed non-carbohydrate-binding proteins with 18,211 predicted binding 

residues out of a total number of 9,172,180 residues (0.19%). The difference is 

significant with P-value = 2.2e-16 by a binominal test. The ability to predict more 

binding residues for actual binding proteins indicates the reliability of our method, 

considering the fact that the method was not trained on non-binding proteins. 

Mutation of carbohydrate-binding residues in a carbohydrate binding protein 

will likely affect its carbohydrate-binding capability and potentially have phenotypic 

implications. To examine this possibility, we investigated human mutations due to 

single-nucleotide variation (SNV). It is known that a frequently occurred SNV in a 

human population (high minor allele frequency) would be more  consistent with its 

biological function and less likely to be associated with a disease than a rare allele 

(Consortium, 2014, Hu and Ng, 2012, Zhao et al., 2013, Folkman et al., 2015). Thus, if 

carbohydrate-binding residues were predicted correctly, we would expect that 

carbohydrate-binding residues are less likely mutated in frequent alleles to satisfy the 

requirements of functional fitness. We obtained single-nucleotide variations (SNVs) 

along with their minor allele frequencies (MAF) collected by the 1000 Genomes Project 

(Consortium, 2015). We found that the odds of locating non-synonymous mutations at 

predicted binding sites in rare alleles (MAF<0.003) is 2.15 times more than in frequent 

alleles (MAF>0.003) (P-value=0.013 from Fisher’s exact test). As a control, we also 
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examined mutation occurrence of synonymous mutations that do not change coding 

amino acid residues (i.e. less likely to have a functional impact). Indeed, the odds ratio 

is near 1 (1.1) for synonymous mutations occurred at predicted binding sites in rare 

alleles to that in frequent alleles (P-value= 0.79), confirming the functional impact of 

mutations in predicted carbohydrate-binding sites. 

All above results were obtained by using 3.5 Å as a cutoff for defining binding 

residues. To examine the effect of the cutoff, we also built the datasets based on the 

cutoff of 6.0 Å (see Methods). We trained and tested our model with the same selected 

features based on unbalanced newly defined binding residues. The independent test set 

of the new model yields 0.30 for MCC and 0.768 for AUC. This performance, which is 

similar to the performance with the cutoff of 3.5 Å (0.29 for MCC and 0.772 for AUC), 

supporting the robustness of our model for predicting carbohydrate-binding sites. 

In summary, we have developed the first sequence-based method for predicting 

carbohydrate-binding sites that goes beyond evolution-derived sequence profiles. We 

have shown that incorporating additional sequence information, predicted solvent 

accessible surface area, and protein length by SVM leads to a method applicable 

directly to proteins (unbalanced data) with reasonable accuracy according to ten-fold 

cross validation and the independent test set. The quality of the method is further 

confirmed by its application to the human proteome and 1000 Genomes Project. Our 

method and datasets are available online and by a standalone package. However, it 

should be noted that the method is only useful to predict binding sites when 

carbohydrates bind to proteins non-covalently. Prediction of covalently bound 

glycosylation sites requires separate methods (e.g. (Hamby and Hirst, 2008, Caragea et 

al., 2007)) 
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ABSTRACT  

Malonylation is a recently discovered post-translational modification (PTM) in 

which a malonyl group attaches to a lysine (K) amino acid residue of a protein. In this 

work, a novel machine learning model, SPRINT-Mal, is developed to predict 

malonylation sites by employing sequence and predicted structural features. 

Evolutionary information and physicochemical properties are found to be the two most 

discriminative features whereas a structural feature called half-sphere exposure provides 

additional improvement to the prediction performance. SPRINT-Mal trained on mouse 

data yields robust performance for 10-fold cross validation and the independent test set 

with Area Under the Curve (AUC) values of 0.74 and 0.76 and Matthews’ Correlation 

Coefficient (MCC) of 0.213 and 0.20, respectively. Moreover, SPRINT-Mal achieved 

comparable performance when testing on H. sapiens proteins without species-specific 

training but not in bacterium S. erythraea. This suggests similar underlying physio-

chemical mechanisms between mouse and human but not between mouse and 

bacterium. SPRINT-Mal is freely available as an online server at: http://sparks-

lab.org/server/SPRINT-Mal/. 

 

Keywords: Post-translational modification, Lysine-Malonylation sites 

prediction, Support vector machine 
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5.1 Introduction 

Protein post-translational modifications (PTMs) are fundamental mechanisms to 

regulate many biological processes. As of today, over 620 types of PTMs are 

discovered, ranging from a chemical group to a small protein 

(http://www.uniprot.org/docs/ptmlist). Among them, malonylation is a newly 

discovered PTM in which positively charged lysine amino acids in a protein are 

chemically modified by adding a negatively charged malonyl group ( Bao et al., 2013, 

Olsen, 2012, Xie et al., 2012). This change of charges was found to play a significant 

role in metabolic regulation, functional and structural dynamics (Peng et al., 2011). 

Further studies demonstrated that malonylation produces key signalling molecules in 

mammalian cells (Bao et al., 2013), mouse liver (Colak et al., 2015), and bacterium 

Saccharapolyspora (Saggerson, 2008, Xu et al., 2016a). In addition, malonylation 

controls physiological and pathological conditions such as muscle contraction, cardiac 

ischemia, and the hypothalamic control of appetite (Saggerson, 2008). Figure  5.1 shows 

the chemical structure of lysine-malonylation post-translational modification.  

Existing malonylation sites characterized thus far have been identified based on 

proteomic studies (Bao et al., 2013, Nishida et al., 2015, Du et al., 2015, Hirschey and 

Zhao, 2015, Colak et al., 2015). These experiments are costly and time-consuming. 

Moreover, it is practically impossible to perform such experiments for all species at 

Figure 5.1 Chemical structure of lysine-malonylation. 

http://www.uniprot.org/docs/ptmlist
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different conditions. Thus, an accurate computational method for the identification of 

malonylation sites is highly desirable.  

Although malonylation and succinylation of lysine residues share similar 

structures (Choudhary et al., 2014), most efforts have been devoted to prediction of 

succinylation sites (Dehzangi et al., 2017, Hasan et al., 2016, López et al., 2017, Xu et 

al., 2015b, Zhao et al., 2015, Xu et al., 2015a, Jia et al., 2016). Several methods have 

been introduced to predict malonylation sites. Mal-lys (Xu et al., 2016b) is a support 

vector machine (SVM) model developed for M. musculus proteins only. The method is 

based on single-sequence-based features and physicochemical properties of amino 

acids. MaloPred (Wang et al., 2017) incorporated evolution-generated sequence profiles 

in addition to single-sequence and amino-acid-property-based features. Three separate 

models were developed for three species (Escherichia coli, Mus musculus, and Homo 

sapiens). Xiang et al. predicted malonylation sites by employing pseudo amino acid 

compositions to train the SVM model (Xiang et al., 2017). Du et al. further employed 

features from function annotation for predicting sites of lysine acylation including 

malonylation (Du et al., 2016). 

However, sequence-based features may not be sufficient. Analyzing crystal 

structures revealed that lysine-malonylation sites are distributed in surface-exposed, 

flexible as well as evolutionary conserved regions (Lee, 2013). Indeed, computational 

prediction of functional sites such as succinylation (López et al., 2017), peptide-binding 

(Taherzadeh et al., 2016a, Trabuco et al., 2012, Taherzadeh et al., 2017), and 

carbohydrate-binding (Taherzadeh et al., 2016b, Malik and Ahmad, 2007, Sujatha and 

Balaji, 2004, Kulharia et al., 2009) have demonstrated the importance of using predicted 

structural properties of proteins.  

In this study, we investigated if predicted structural properties such as solvent 

accessible surface area, secondary structure, and contact information are useful for 

predicting malonylation sites. Another question we attempted to address is if different 

species require different prediction models to maximize the accuracy. Results indicate 

that structure-based features improve the accuracy of prediction and a mouse-trained 

method yields an equally accurate method for predicting malonylation sites in human 

proteins. This method called SPRINT-Mal is available as an automatic server at 

http://sparks-lab.org/server/SPRINT-Mal/. 

http://sparks-lab.org/server/SPRINT-Mal/
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5.2 Materials and methods 

5.2.1 Dataset 

The malonylation dataset is compiled from experimentally validated proteins 

containing malonylation sites in addition to the dataset compiled  in the PLMD 3.0 

database, a comprehensive resource containing 284,780 modification events of 53,501 

protein substrates for up to 20 types of protein lysine modifications (PLMs), including 

malonylation (Xu et al., 2016b). It contains 3,606 proteins from three species: M. 

musculus, H. sapiens and species of actinomycete bacteria Saccharopolyspora erythraea 

(S. erythraea). After removing proteins with more than 30% sequence identity 

according to blastclust (Altschul et al., 1997) and retaining the protein with the highest 

number of malonylation sites in a cluster, we obtained 1,282, 957 and 112 proteins for 

M. musculus, H. sapiens and S. erythraea proteins, respectively. We trained our model 

mainly using M. musculus data because it has the largest number of known 

malonylation sites (3,743 malonylation sites and 43,211 non-malonylation sites). We 

then randomly selected 10% of proteins (120 proteins, M-TS120) with roughly 10% of 

malonylated amino acids (320 lysine amino acids) as an independent test set and kept 

the remaining 90% of proteins for 10-fold cross validation in the training set (1,162 

proteins, M-TR1162). Here, 90% of all data were employed for training and cross 

validation to ensure that there is sufficient data for training because the number of 

positive samples is small (only a few thousands). We also built a training and a test sets 

from the H. sapiens dataset by randomly selecting 120 proteins (the same number of 

proteins with M. musculus test dataset, H-TS120) containing 10% of malonylated amino 

acids (200 lysine amino acids) and assigned the remaining 837 proteins to the train set 

(1817 lysine amino acids, H-TR837), We also built a test dataset from all non-redundant 

S. erythraea proteins (112 proteins, B-TS112). All test sets have <30% sequence 

identities between the mouse and human training sets.  

However, the division of the dataset into train and the independent test set 

resulted in different ratios of malonylation to non-malonylation sites in the training sets 

(1:11 and 1:23) and the test sets (1:21 and 1:31) in the M. musculus and H. sapiens 

datasets, respectively. To better balance positive and negative samples, we employed 

the under-sampling method (Yen and Lee, 2006) to reduce the ratio of malonylation to 
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non-malonylation sites to 1:3 by random selection. This final dataset is available at 

http://sparks-lab.org/server/SPRINT-Mal/. We would like to emphasize that the under-

sampling technique was applied only to the training fold but not to the test fold in the 

ten-fold cross validation and the whole independent test set. This setting is necessary for 

the real-world application. 

5.2.2 Feature vectors 

We extracted sequence and predicted structural features for each lysine segment 

in a protein sequence. A lysine segment is defined as a sequence pattern of amino acids 

with the lysine amino acid in the centre and specified upstream and downstream number 

of amino acids. Figure  5.2 summarizes feature extraction process for each lysine 

segment.  

5.2.2.1 Sequence-based features 

Amino acid sequence. Binary representation of each amino acid in a lysine 

segment is generated by a 20-dimentional binary vector where “1” is assigned to the 

given amino acid type in the sequence position and “0” is assigned to other positions. 

Because lysine is fixed at the center, this feature contains upstream and downstream 

amino acids only.   

Figure 5.2 Illustration of feature extraction from a lysine segment. 

http://sparks-lab.org/server/SPRINT-Mal/
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Evolutionary information. Evolutionarily conserved lysine residues are more 

likely to be post-translationally modified (Lee, 2013). Thus, we generated a 20- 

dimensional position specific scoring matrix (PSSM) profile and 20-dimentional 

probability matrix from PSI-Blast (Altschul et al., 1997), which searches against the 

NCBI non-redundant database, with E-value cut off of 0.001 in three iterations. We 

calculated information entropy SE from 20-dimensional probability matrix {Pij}, j= 1, 

2, .., 20 and i = 1, …, L (L is the length of protein) by 𝑆𝐸 = ∑ 𝑃𝑖,𝑗
𝑗=20
𝑗=1 × 𝑙𝑛(𝑃𝑖,𝑗), and 

close neighbour correlation coefficients by evaluating Pearson Correlation Coefficient 

(PCC) between the profile of query amino acid and its upstream and downstream 

neighbour amino acids within the lysine segment.  

Physicochemical properties. We retrieved 19 physicochemical features from 

AAindex (Kawashima et al., 2007), namely, steric parameter, polarizability, volume, 

hydrophobicity, isoelectronic point, helix probability, sheet probability, polarity, 

accessibility reduction ratio, net charge index, molecular weight, PK-N, PK-C, melting 

point, optional rotation, entropy of formation, heat capacity, absolute entropy and 

transfer energy, organic, solvent/water (Meiler et al., 2001). These physicochemical 

features are representative for characteristics of amino acids (Lei et al., 2017, Xu et al., 

2016b). Only physicochemical features of upstream and downstream amino acids in the 

lysine segment were employed. 

5.2.2.2 Structure-based features 

Here we examined four types of predicted structural features.  

Accessible Surface Area (ASA). We obtained the predicted relative ASA 

(rASA) value for each amino acid from SPIDER 2.0 (Heffernan et al., 2015b). We 

calculated the average rASA feature by setting window size from 1 to the size of 

upstream or downstream amino acids in the lysine segment.   

Secondary structure (SS). We obtained the predicted probability for each 

element of secondary structure (helix, sheet, and coil) provided by SPIDER 2.0 as well 

as the fraction of each SS type in a lysine segment. We also calculated the length and 

the minimum/maximum distance of consecutive SS type, which includes the central 

lysine amino acid, in a lysine segment (Taherzadeh et al., 2016a). 
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Half-sphere exposure (HSE). Half sphere exposure is an orientation-dependent 

contact number in the upper or lower sphere along the Cα-Cβ vector, which was defined 

by Hamelryck (Hamelryck, 2005) and found useful in protein functional site prediction 

(Taherzadeh et al., 2017). Several publicly available tools were introduced to predict 

HSE from protein sequences (Song et al., 2008, Heffernan et al., 2015a). We employed 

predicted solvent exposure information produced by, one of the recently published 

tools, SPIDER-HSE (Heffernan et al., 2015a). There are three values for each amino 

acid residue: residue contact number, number of contacts in the upper (HSE-Up) and 

lower spheres (HSE-Down).  

Intrinsically disordered region. Since PTM sites are more flexible than the 

other parts of proteins (Lee, 2013), we examined the probability of each amino acid in 

intrinsically disordered regions from the newly developed tool, SPOT-Disorder (Hanson 

et al., 2016). 

5.2.3 Machine learning model  

Support vector machine (SVM)  was utilized to build the classification model 

(Vapnik, 2013). SVM has been widely applied to address binary class prediction 

problems (Jannsen, 2008, Stanevski and Tsvetkov, 2005). It aims to find the optimal 

hyper-plane between classes to minimize the classification error. In order to achieve a 

high classification rate, we compared the performance of both linear and radial basis 

function (RBF) as the SVM kernel and optimized their parameters (γ and C) by a simple 

grid search. 

5.2.4 Performance evaluation  

The performance of SPRINT-Mal is evaluated by Area Under the Receiver 

Operating Characteristic (ROC) Curve (AUC), Matthews’ Correlation Coefficient 

(MCC), accuracy, sensitivity, and specificity, which are defined below. 

𝑀𝐶𝐶 =
(𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

(𝐹𝑃 + 𝑇𝑁)
 

where, TP (True Positive) denotes the number of lysine amino acids correctly 

predicted as malonylation sites, TN (True Negative) the numbers lysine amino acids 

correctly predicted as non-malonylation sites, FP (False Positive) the lysine amino acids 

incorrectly predicted as lysine-malonylation sites, and FN (False Negative) the lysine 

amino acids incorrectly predicted as the non-malonylation sites. 

5.2.5 Feature selection and parameter optimization 

We first optimized SVM parameters of both linear kernel (C) and RBF kernel (γ 

and C) using a grid search in different numbers of upstream and downstream amino 

acids in a lysine segment, employing all features by 10-fold cross validation. The best 

performance values are C = 0.5 and a window size of five amino acids in both upstream 

and downstream for the linear kernel, and γ=0.0125, C=1 and a window size of eight 

amino acids in both upstream and downstream for the RBF kernel. We then applied the 

sequence forward feature selection (Kudo and Sklansky, 2000) starting with the empty 

feature vector. We trained our SVM model using each feature group separately and 

selected the feature group with the highest AUC value. The selected feature group is 

transferred to the feature vector. We further added each feature group to the feature 

vector and selected the second feature group that gives the highest AUC value after 

combining with the first feature group. We repeated this process until there is no further 

improvement in AUC values. The final optimized feature vector contains evolutionary 

information, physicochemical properties, and HSE feature groups with 728 features in 

total. This work is implemented in python using the scikit-learn package (Pedregosa et 

al., 2011). 

5.3 Results and discussion 

5.3.1 Analysis of lysine segment  

Firstly, it is of interest to examine the sequence preference of malonylation and 

non-malonylation sites. Figure  5.3 compares the differences of amino acid frequencies 

between malonylation and non-malonylation sites in the lysine segments (Vacic et al., 

2006, Crooks et al., 2004) based on all proteins in M. musculus, H. sapiens and S. 
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erythraea  datasets. There is an enrichment of hydrophobic groups with valine (V) 

amino acid at the -6 and -2, glycine (G) amino acid at the -1, +1 and +2 positions and 

positively charged groups with lysine (K) amino acids at the -8, -4, +7 and +8 positions 

of malonylated lysine segments of M. musculus proteins. Moreover, similar to M. 

musculus, malonylation sites in H. sapiens proteins are enriched with hydrophobic 

groups by leucine (L) amino acid at the -3 and -1 positions, proline (P) at the +2 

position as well as glycine (G) at the -4, -1 and +1 positions in addition to positively 

charged groups with lysine (K) amino at the +7 position. Moreover, negatively charged 

groups with glutamic acid (E) are depleted in both M. musculus and H. sapiens proteins.  

In contrast, S. erythraea proteins are enriched in polar groups with serine (S) and 

glutamine (Q) amino acids at the -8 and -3 positions, respectively. There is also 

enrichment of positively charges groups with lysine (K) amino acid at the -6 and +3 

positions and arginine (R) amino acid at the +5 positions as well as negatively charged 

group with aspartate (D) at the +8 position.      

5.3.2 SPRINT-Mal performance on the mouse data 

 We first assessed the performance of the SVM model using both linear and 

RBF kernel functions with optimized parameters and window sizes. In 10-fold cross 

validation, the RBF kernel outperformed the linear kernel with AUC values at 0.72 and 

0.69, respectively. As a result, we employed the RBF kernel to select the most 

discriminative features to build the final prediction model. 

Table 5.1 shows the performance of SPRINT-Mal on 10-fold cross validation 

and the independent test set on the mouse data. The MCC and AUC values for 10-fold 

cross validation with the RBF kernel are 0.213 and 0.74, respectively. SPRINT-Mal 

also achieves similar results on the independent test set with MCC and AUC value of 

0.20 and 0.76, respectively. Similar performance of 10-fold cross validation and the 

independent test set indicates the robustness and consistency of SPRINT-Mal. We also 

reported accuracy, sensitivity, and specificity metrics to evaluate SPRINT-Mal 

performance in Table 5.1.  

To examine the effect of training on different ratios of positive to negative 

samples, we have further trained SPRINT-Mal on the ratios of 1:1 and 1:2 in addition to 

1:3. When these models tested on the independent test set (without under-sampling),  
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these models yielded AUC of 0.71, 0.745, and 0.76, respectively. This result 

indicates that ratio 1:3 has the best performance, suggesting that such ratio allows a 

sufficient number of positive and negative samples while preventing the dataset to be 

biased towards negative samples.  

 Table 5.2 compares the performance of SPRINT-Mal trained by selected feature 

groups. Evolutionary information has the best performance as a single feature group and 

the largest drop in performance after removing it from the SVM model. This is followed 

by physicochemical properties and HSE contacts. The structure-based feature group 

(HSE) makes a statistically significant contribution; its removal would lead to a 

reduction of AUC from 0.76 to 0.74 with a p-value < 0.05. Figure 5.4a shows the 

receiver operating characteristic curve for the M. musculus test set as compared to the 

performance of two best feature groups, namely evolutionary information and 

physicochemical properties. It is clear that the combination of feature groups provide a 

substantial improvement over individual features.  

 

Table 5.1 Performance of our SVM models by 10-fold cross validation and the 

independent test sets. 

Training Test MCC AUC Accuracy Sensitivity Specificity 

M-TR1162 10 Folds 0.213 0.74 0.80 0.49 0.81 

M-TR1162 M-TS120 0.20 0.76 0.90 0.33 0.92 

M-TR1162 B-TS112 0.129 0.643 0.864 0.231 0.923 

M-TR1162 H-TS120 0.227 0.74 0.827 0.462 0.857 

H-TR837 H-TS120 0.22 0.70 0.911 0.54 0.89 
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Figure 5.3 Statistically significant enrichment or depletion of amino acids between 

malonylation and non-malonylation sites in the lysine segments for a) M. musculus, 

b) H. sapiens and c) S. erythraea proteins, respectively. 
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Table 5.2 Evaluation of the importance of each feature group by using them as a 
[a]

single feature group and 
[b]

by removing them 

individually from the final model. 

Feature 

group
[a] 

MCC AUC Accuracy Sensitivity Specificity 
Feature 

group
[b] 

MCC AUC Accuracy Sensitivity Specificity 

Evolutionary 

information 
0.15 0.68 0.95 0.1 0.706 

- 

Evolutionary 

information 

0.13 0.67 0.85 0.254 0.879 

Physicochem

icals 
0.08 0.63 0.479 0.747 0.466 

- 

Physicochem

icals 

0.13 0.68 0.89 0.272 0.919 

HSE 0.05 0.57 0.747 0.347 0.766 -HSE 0.18 0.73 0.882 0.359 0.906 
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(a) 

(b) 

Figure 5.4 a) ROC curves given by two best feature groups (evolutionary 

information and physicochemical properties) and by the full SVM model for M-

TS120. b) ROC curves given by application of the mouse-trained SVM model to 

the independent test sets of M. musculus, H. sapiens, and S. erythraea species. 
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5.3.3 SPRINT-Mal on other species 

Figure 5.4b also displays the ROC curve for the independent test sets in H. 

sapiens and S. erythraea, respectively. The results are also tabulated in Table 5.1. 

SPRINT-Mal yielded similar performance on H. sapiens proteins with MCC and AUC 

values of 0.227 and 0.74, respectively. However, the prediction performance on S. 

erythraea proteins dropped to MCC and AUC of 0.129 and 0.643, respectively. This 

suggests that underlying physical and chemical mechanisms of lysine-malonylation are 

similar between M. musculus and H. sapiens but different between mammals and 

bacteria, consistent with sequence analysis in Figure  5.4. 

To further confirm the similarity between H. sapiens and M. musculus data, we 

re-trained our SPRINT-Mal by using H. sapiens train dataset with the same feature 

groups. The human-trained SPRINT-Mal yielded an essentially the same performance 

on H. sapiens test set (0.22 and 0.70 for MCC and AUC, respectively, compared to 0.23 

and 0.74 for MCC and AUC by mouse-trained SPRINT-Mal). Slightly worse 

performance by SPRINT-Mal trained on the H. sapiens dataset is likely due to a smaller 

training dataset (837 proteins in H. sapiens and 1,162 proteins in M. musculus). The 

consistent performance across M. musculus and H .sapiens further supports the ability 

of SPRINT-Mal to predict unseen data. 

5.3.4 Comparison with previous methods  

We submitted our sequences to the webservers of MaloPred (Wang et al., 2017) 

and Mal-lys (Xu et al., 2016b) for method comparison. For a fair comparison with 

MaloPred, we have removed all test proteins employed for the training set in MaloPred. 

This led to 30 proteins for the mouse test set and 38 proteins for the human test set. 

MaloPred was trained for M. musculus and H. sapiens, separately. All proteins in M-

TS120 and H-TS120 are used to test the performance of Mal-lys. We compared the ROC 

curves given by Mal-lys, MaloPred, and SPRINT-Mal in M. musculus proteins in 

Figure  5.5a and by MaloPred and SPRINT-Mal in H. sapiens proteins in Figure  5.5b. 

SPRINT-Mal trained on the M. musculus data (AUC = 0.76 on M-TS120 dataset and 

AUC=0.702 on 30 proteins) is superior to MaloPred (AUC= 0.604) and Mal-lys (AUC= 

0.547) for M. musculus proteins. In Figure  5.5b, when both were trained and tested on  
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(b) 

(a)  

 

(c) 

Figure 5.5 a) ROC curves given by this work, Mal-lys and MaloPred on M. 

musculus proteins. b) . ROC curves given by this work and MaloPred on H. sapiens 

proteins. c) ROC curves given by application of the mouse-trained SVM model to 

the test sets of H. sapiens by this work, Mal-lys and MaloPred. 



CHAPTER 5. LYSINE-MALONYLATION SITES PREDICTION 

    103 | P a g e  

 

human proteins, the overall performance of MaloPred  (AUC=0.74) is better than 

SPRINT-Mal (AUC=0.70). However, H. sapiens -trained SPRINT-Mal has 

significantly higher true positive rates when the false positive rate is less than 10%. This 

leads to a higher MCC for H. sapiens-trained SPRINT-Mal (0.21) than H. sapiens-

trained MaloPred (0.18). Interestingly, our M. musculus-trained model has the same 

AUC (0.74) as H. sapiens-trained MaloPred but a higher MCC value (0.227) on human 

proteins.  Figure  5.5c compares the performance of all methods using mouse-trained 

model to test H. sapiens proteins. For H. sapiens proteins, SPRINT-Mal improves over 

MaloPred considerably (AUC= 0.74 and 0.62 and MCC= 0.22 and 0.15, respectively). 

By comparison, Mal-lys yields nearly a random prediction with AUC=0.514 and 

MCC=0.05, respectively. 

5.4 Online webserver of SPRINT-Mal  

The SPRINT-Mal prediction model described in this paper is implemented in the 

form of web server and publicly available at http://sparks-lab.org/server/SPRINT-Mal/. 

The webserver requires either mouse or human protein sequences, in the FASTA 

format, as an input and generates a predicted probability for each amino acid. Lysine 

amino acids with the prediction probability higher than a threshold are considered as 

putative malonylation sites. Moreover, for user’s convenience, the output file from the 

prediction is available to download from a link provided. The computational time of this 

server depends on the length of a protein sequence. Only one protein sequence is 

processed at a time to reduce the load on the computer server. 

5.5 Conclusions 

In conclusion, we have developed a robust machine-learning based approach for 

prediction of lysine-malonylation sites by integrating both sequence and structure-based 

features. The method trained by mouse proteins performs equally well for both mouse 

and human proteins but not for bacterial species, suggesting interesting similarities and 

differences in underlying physicochemical mechanisms of malonylation in different 

species. 

 

 

http://sparks-lab.org/server/SPRINT-Mal/
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Chapter 6  

Conclusions and future work 

 

 

6.1 Conclusions 

With the massive amount of available protein structures and sequences, accurate 

prediction of protein function is necessary to reduce experimental cost and increase 

efficiency. These functions can be predicted by learning from sequence or structural patterns 

in other proteins with known functions. This thesis focused on predicting protein sites that 

interact with small biomolecule partners as well as post-translational modification sites that 

play vital roles in biological processes especially human disease, such as cancer. We 

developed these methods by employing machine learning techniques and discriminative 

sequence and structural properties of proteins. 

The tools developed in this study should be useful for prioritizing functional sites for 

further experimental studies. Relying on experimental studies to scan over the entire protein 

sequence is too costly and labor intensive. Our tool will provide a confidence score for each 

amino acid residue to indicate the potential locations of functional sites. Examining the high-

confidence sites should significantly reduce the cost of experiments and increase the 

efficiency and success rate of functional characterization. Availability of these tools as a 

public webserver will increase their utility to biologists. 

 Protein-peptide binding site prediction 

We developed the first sequence-based method for predicting protein–peptide binding 

sites. We showed that using the support vector machine predictive model to combine 

sequence evolution and predicted structural information leads to a method that is more 

accurate than existing structure-based techniques. We then introduced a more accurate 

machine-learning based method to predict protein–peptide binding residues from protein 
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three-dimensional structures. We employed the structural information in addition to the most 

effective sequence-based features used in our sequence-based prediction to predict the 

binding sites. Using information based on actual structures improves prediction performance 

over the sequence-based method. We then applied a clustering algorithm to improve 

prediction of binding sites by removing prediction noise. This predictive model works 

equally well even if quality homology models instead of experimental structures are 

employed.  

This method can be employed without prior knowledge of a peptide partner. For 

instance, p53-MDM2 complex is an element of the cell cycle regulation system important for 

anti-cancer and drug design. It is difficult for experimental techniques to investigate binding 

characteristics for this complex due to its highly flexible regions. Thus, predicting potential 

binding sites from a tool like reported here can provide guidance for experimental design. 

 Protein-carbohydrate binding site prediction 

We proposed the first sequence-based method for predicting carbohydrate-binding 

sites that goes beyond employing information from evolution-derived sequence profiles. We 

have shown that incorporating additional sequence information, predicted solvent accessible 

surface area, and protein length by support vector machine leads to a method applicable 

directly to proteins. The quality of the method is further confirmed by its application to the 

human proteome and 1000 Genomes Project. It should be noted that the method is only useful 

for predicting binding sites when carbohydrates bind to proteins non-covalently. Predicting 

covalently-bound, glycosylation sites requires a separate method. 

Because most proteins lack experimentally determined non-covalent protein-

carbohydrate complexes, a sequence-based prediction of their putative binding sites should be 

useful for assisting biologists to have a better understanding of these complexes. For 

example, CrataBL is a glycoprotein derived from Crataeva tapia bark and has the lectin 

function (glucose binding). However, experimental information for the CrataBL 

monosaccharide-binding site is not available. Predicting amino acids of proteins engaged in 

this type of interactions will be helpful for further experimental studies. 

 

 



CHAPTER 6. CONCLUSIONS AND FUTURE WORK 

    112 | P a g e  

 

 Lysine-malonylation sites prediction 

We developed a robust machine-learning based approach for prediction of lysine-

malonylation sites. Predictive model is built by integrating both sequence and predicted 

structural features from protein sequence. We employed support vector machine to train a 

model on Mus musculus proteins. The predictive model performs equally well for both Mus 

musculus and Homo sapiens proteins but not for a bacterial species. These findings suggest 

interesting similarities and differences in underlying physicochemical mechanisms of 

malonylation in different species. 

Malonylation is a newly known type of PTMs. As a result, only a few experimental 

data are available to identify characteristics of modified sites. Malonylation sites are found to 

play important roles in many essential biological processes. For example, changing color 

from orange to blue in some flowers is a result of anthocyanins modified by the malonylation 

group. However, structural characteristics of the enzyme affected by the malonylation groups 

still remain unknown. Our online webserver would facilitate uncovering of new protein 

sequences that are susceptible to lysine-malonylation. 

6.2 Future work 

This thesis leads to a number of possible future directions in protein function 

prediction.  

 Prediction of small-biomolecule binding sites in proteins 

We investigated diverse types of features for predicting protein-peptide and protein-

carbohydrate binding sites. Selected discriminative features can assist in improving 

prediction of protein binding sites with other types of small biomolecules such as lipids and 

small molecule ligands. Furthermore, prediction of binding site regions using three-

dimensional structures of proteins can be extended to predict putative binding regions of 

other protein partners. 

 Prediction of other post-translational modification types  

We proposed a method to predict putative lysine-malonylation sites of Mus musculus 

proteins which yields robust prediction performance. Establishing a dataset containing more 
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data from different species should allow us to develop an accurate predictive model to predict 

lysine-modification sites of proteins in other species. In addition, the state-of-the-art 

performance of the proposed method indicates that the same technique can be applied to other 

types of post-translational modifications. 

 Deep learning-based prediction of putative functional sites of proteins 

Due to the limited number of available biological data, it is still challenging to 

establish a very accurate predictive model. Our future direction is to collect more 

experimentally known binding and modification sites to be able to train more sophisticated 

machine learning methods such as deep learning technique to possibly detect more accurate 

pattern of putative sites in the datasets. 
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Appendix Figure A1. The performance of SPRINT-Str according to average 

and standard deviation of AUC when experimental structures were replaced by 

model structures at different quality measured by GDT score (1 is perfect 

agreement with experimental structure).  



APPENDIX  

    115 | P a g e  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix Figure A2. ROC curve for predicting peptide-binding 

proteins by SPRINT-Str and Peptimap.  
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Appendix Table A1. Performance of SPRINT-Str on each protein in TS125. 

Protein chain MCC AUC Sensitivity Specificity Precision 

1avpA 0.147 0.58 0.955 0.242 0.132 

1b05A 0.428 0.853 0.188 1 1 

1bbrH 0.105 0.524 0.833 0.431 0.057 

1dpuA 0.709 0.963 0.545 1 1 

1e6iA 0.738 0.964 0.727 0.98 0.8 

1emuA 0.22 0.634 0.056 1 1 

1fchA 0.465 0.789 0.273 0.996 0.857 

1h8bA 0.142 0.575 0.583 0.607 0.226 

1htmD 0.393 0.897 0.75 0.861 0.273 

1hv2A 0.516 0.883 1 0.8 0.333 

1ik9A 0.458 0.893 0.8 0.909 0.308 

1j19A 0.222 0.715 0.571 0.841 0.143 

1j4xA 0.668 0.773 0.474 1 1 

1jmqA 0.923 0.993 0.875 1 1 

1kugA 0.772 0.918 0.733 0.989 0.846 

1m1dA 0.173 0.612 0.571 0.652 0.254 

1m1jB 0.728 0.923 0.538 1 1 

1m72C 0.672 0.908 0.467 1 1 

1mw4A 0.533 0.753 0.308 1 1 

1n12A 0.533 0.856 0.885 0.768 0.469 

1ntvA 0.645 0.924 0.667 0.963 0.706 

1o9kA 0.564 0.928 0.9 0.924 0.391 

1o9kB 0.456 0.938 0.333 0.993 0.667 

1om2A 0.761 0.946 0.7 0.988 0.875 

1ozsA 0.457 0.842 0.556 0.922 0.5 

1p4uA 0.637 0.952 0.667 0.97 0.667 

1qrjB 0.128 0.603 0.417 0.802 0.119 

1r5iD 0.122 0.611 0.571 0.734 0.068 

1uj0A 0.797 0.955 1 0.918 0.692 

1wlpB 0.541 0.884 0.471 0.975 0.727 
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1x3zA 0.275 0.882 0.857 0.847 0.111 

1yjmA 0.478 0.884 0.25 1 1 

1ywhA 0.195 0.626 1 0.261 0.146 

1zv8A 0.324 0.702 0.733 0.618 0.458 

2a06D 0.11 0.539 0.952 0.2 0.102 

2akaB 0.105 0.62 1 0.358 0.031 

2astC 0.232 0.589 0.889 0.45 0.195 

2bbuA 0.341 0.659 0.333 0.965 0.444 

2bugA 0.831 0.974 0.889 0.984 0.8 

2f4oA 0.464 0.892 0.3 0.996 0.75 

2fciA 0.501 0.767 0.35 0.988 0.875 

2ghqA 0.337 0.734 0.385 0.952 0.385 

2h1cA 0.175 0.557 0.941 0.295 0.157 

2ht9A 0.164 0.594 0.5 0.83 0.105 

2k3wA 0.331 0.622 0.5 0.847 0.438 

2ks9A 0.087 0.622 1 0.284 0.027 

2lajA 0.777 0.934 1 0.871 0.692 

2m32A 0.501 0.85 0.267 1 1 

2np0A 0.257 0.724 0.357 0.984 0.2 

2oddA 0.45 0.774 0.667 0.816 0.533 

2oeiA 0.911 0.905 0.857 1 1 

2pg1E 0.403 0.734 0.708 0.75 0.459 

2pkuA 0.759 0.886 0.692 0.986 0.9 

2pvcA 0.329 0.566 0.111 1 1 

2rr4A 0.697 0.789 0.538 1 1 

2v5pA 0.051 0.525 0.917 0.216 0.03 

2vdaA 0.077 0.469 1 0.172 0.035 

2vn5C 0.118 0.504 0.6 0.594 0.143 

2voyB 0.304 0.622 1 0.222 0.417 

2xe4A 0.531 0.822 0.286 1 1 

2y65C 0.121 0.629 1 0.253 0.058 

2ykaA 0.484 0.873 0.538 0.946 0.538 
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2yleA 0.361 0.787 0.7 0.795 0.311 

2zkrp 0.191 0.781 1 0.667 0.055 

3a79A 0.042 0.498 1 0.14 0.013 

3bxmA 0.307 0.852 0.6 0.941 0.184 

3chxC 0.373 0.743 0.25 0.986 0.667 

3eabA 0.501 0.762 0.5 0.945 0.667 

3h6zA 0.167 0.745 0.333 0.945 0.115 

3hqiA 0.577 0.757 0.556 0.989 0.625 

3hufA 0.738 0.975 0.875 0.986 0.636 

3j31Q 0.733 0.945 0.933 0.956 0.609 

3juaG 0.28 0.574 0.083 1 1 

3jzrA 0.382 0.568 0.286 0.976 0.667 

3lcnB 0.688 0.892 0.5 1 1 

3lyvE 0.218 0.5 0.067 1 1 

3mp1A 0.104 0.676 0.5 0.802 0.048 

3nfkA 0.877 0.903 0.8 1 1 

3nk3A 0.231 0.683 0.964 0.41 0.152 

3ntwA 0.911 0.963 1 0.958 0.867 

3o0eA 0.143 0.652 1 0.254 0.081 

3qhrA 0.431 0.884 0.667 0.941 0.32 

3qksB 0.204 0.745 1 0.609 0.068 

3rbqA 0.369 0.761 0.909 0.629 0.274 

3rceA 0.32 0.857 0.105 1 1 

3sovA 0.448 0.846 0.267 0.997 0.8 

3srjA 0.195 0.693 0.75 0.564 0.171 

3szmC 0.485 0.879 0.333 0.995 0.75 

3twtC 0.804 0.972 0.733 0.993 0.917 

3tzdA 0.677 0.829 0.533 1 1 

3ufmA 0.083 0.565 0.778 0.434 0.053 

3upvA 0.801 0.982 0.818 0.982 0.818 

3v2xA 0.686 0.91 0.556 0.993 0.909 

3v7dB 0.683 0.961 0.769 0.986 0.625 
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3wdcA 0.207 0.697 0.714 0.632 0.169 

3wmgA 0.097 0.59 0.429 0.873 0.039 

3zdyD 0.855 0.996 0.857 0.998 0.857 

3zg5A 0.076 0.606 0.867 0.375 0.032 

3zilA 0.355 0.792 0.533 0.942 0.286 

4aktA 0.496 0.885 0.417 0.991 0.625 

4arfA 0.796 0.986 0.643 1 1 

4b6hA 0.682 0.947 0.769 0.957 0.667 

4btaA 0.446 0.902 0.778 0.925 0.292 

4buoB 0.115 0.536 0.941 0.286 0.07 

4cc9A 0.108 0.531 1 0.475 0.025 

4cguA 0.643 0.877 0.6 0.98 0.75 

4dcbA 0.233 0.712 0.6 0.817 0.158 

4extC 0.279 0.737 0.087 1 1 

4gvcA 0.778 0.952 0.643 1 1 

4gwqG 0.098 0.552 1 0.353 0.027 

4hanA 0.393 0.878 0.385 0.979 0.455 

4hdqA 0.111 0.487 0.167 0.957 0.133 

4hfxB 0.197 0.613 1 0.13 0.298 

4i6mA 0.117 0.706 1 0.355 0.038 

4igqA 0.419 0.912 0.5 0.966 0.4 

4je8A 0.614 0.923 0.636 0.978 0.636 

4ktyB 0.239 0.826 0.652 0.849 0.128 

4l3oA 0.214 0.662 0.536 0.781 0.203 

4lajA 0.838 0.952 0.762 0.997 0.941 

4m38A 0.243 0.73 0.286 0.966 0.267 

4m91A 0.46 0.871 0.222 1 1 

4m9sB 0.24 0.751 0.75 0.887 0.095 

4mi8B 0.342 0.679 0.188 0.992 0.75 

4nufA 0.11 0.667 0.562 0.73 0.059 

4po6A 0.237 0.69 0.107 0.996 0.6 

Average 0.411 0.77 0.629 0.807 0.508 
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Appendix Table A2. Performance of SPRINT-Str on model structures built based on 

template structures. 

Protein 

structure 

Template 

Structure 

GDT 

Score 
MCC AUC 

1avpA 5craA 0.309 0.202 0.573 

1b05A 4tozA 0.562 0.246 0.764 

1bbrH 1eawA 0.85 0.102 0.542 

1dpuA 2mh2A 0.894 0.497 0.845 

1e6iA 3gg3A 0.916 0.674 0.882 

1emuA 2oj4A 0.801 0.271 0.681 

1fchA 4eqfA 0.83 0.407 0.849 

1h8bA 2kn2A 0.517 0.216 0.581 

1htmD 4d00B 0.427 0.321 0.755 

1ik9A 5chxA 0.589 0.362 0.845 

1j4xA 2pq5A 0.871 0.492 0.796 

1j19A 4zriA 0.85 0.262 0.758 

1kugA 1nd1A 0.934 0.772 0.914 

1m1dA 1yghA 0.897 0.277 0.704 

1m1jB 1lwuB 0.641 0.733 0.878 

1m72C 3sirA 0.608 0.636 0.885 

1mw4A 2augA 0.526 0.613 0.815 

1n12A 2w07B 0.5 0.264 0.685 

1ntvA 1m7eA 0.75 0.629 0.944 

1o9kA 4ellA 0.835 0.724 0.948 

1o9kB 4ellA 0.96 0.52 0.938 

1om2A 4x3xA 0.357 0.314 0.342 

1ozsA 2m97A 0.695 0.514 0.85 

1p4uA 1iu1A 0.7 0.476 0.886 

1qrjB 4ph0A 0.427 0.164 0.609 

1r5iD 4ct4A 0.176 0.096 0.503 

1uj0A 1oebA 0.905 0.839 0.966 
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1wlpB 1udlA 0.515 0.311 0.748 

1x3zA 2f4mA 0.676 0.192 0.777 

1yjmA 3kt9A 0.843 0.248 0.644 

1ywhA 3laqU 0.904 0.112 0.596 

1zv8A 1wyyA 0.806 0.311 0.618 

2akaB 1jwyB 0.817 0.132 0.659 

2astC 1sceA 0.692 0.378 0.762 

2bbuA 4jghA 0.401 0.104 0.576 

2bugA 4gcoA 0.683 0.831 0.969 

2f4oA 3eswA 0.747 0.303 0.802 

2fciA 2eobA 0.457 0.204 0.598 

2ghqA 3qleA 0.782 0.312 0.743 

2h1cA 3dboB 0.612 0.129 0.545 

2ht9A 3uiwA 0.921 0.218 0.619 

2k3wA 2v6xA 0.908 0.171 0.741 

2ks9A 4ea3A 0.556 0.105 0.669 

2lajA 1e0mA 0.706 0.777 0.932 

2m32A 4bj3A 0.747 0.303 0.778 

2np0A 3v0cA 0.428 0.171 0.62 

2oddA 2jw6A 0.655 0.471 0.802 

2oeiA 2yscA 0.77 0.911 0.943 

2pg1E 1xdxA 0.69 0.162 0.534 

2pkuA 2lobA 0.698 0.769 0.944 

2pvcA 4u7pA 0.341 0.122 0.544 

2rr4A 4o62A 0.634 0.6 0.786 

2v5pA 1q25A 0.301 0.066 0.523 

2vdaA 3bxzA 0.588 0.137 0.722 

2vn5C 4umsA 0.829 0.27 0.708 

2voyB 3w5bA 0.679 0.278 0.547 

2xe4A 4bp8A 0.52 0.459 0.832 

2y65C 1gojA 0.8 0.311 0.75 

2ykaA 2jrsA 0.524 0.123 0.809 
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2yleA 1ztdA 0.164 0.107 0.507 

2zkrp 1s72P 0.743 0.236 0.703 

3a79A 2z7xB 0.525 0.055 0.572 

3bxmA 4tweA 0.795 0.226 0.811 

3chxC 1yewC 0.871 0.415 0.703 

3eabA 2dl1A 0.775 0.574 0.766 

3h6zA 4c5iA 0.815 0.254 0.838 

3hqiA 4hxiA 0.546 0.282 0.625 

3hufA 4jonA 0.631 0.787 0.924 

3j31Q 4phbA 0.145 0.198 0.606 

3juaG 3zmnA 0.164 0.172 0.6 

3jzrA 2vyrA 0.755 0.249 0.647 

3lcnB 4gk0E 0.289 0.554 0.899 

3lyvE 3k2tA 0.73 0.295 0.508 

3mp1A 4qvhA 0.718 0.182 0.793 

3nfkA 2dkrA 0.769 0.835 0.874 

3nk3A 4wrnA 0.305 0.066 0.503 

3ntwA 2dydA 0.907 0.718 0.952 

3o0eA 1phoA 0.895 0.131 0.635 

3qhrA 1ob3A 0.779 0.494 0.869 

3qksB 3qkuA 0.486 0.182 0.698 

3rbqA 4b9pA 0.098 0.115 0.557 

3sovA 3v65B 0.882 0.438 0.774 

3srjA 1w81A 0.844 0.363 0.729 

3szmC 3cojX 0.64 0.658 0.918 

3twtC 4zfhA 0.839 0.811 0.94 

3tzdA 1ap0A 0.716 0.67 0.847 

3ufmA 1akzA 0.89 0.104 0.518 

3upvA 4gcoA 0.772 0.857 0.941 

3v2xA 4gmrA 0.82 0.692 0.932 

3v7dB 2ovpB 0.597 0.66 0.964 

3wdcA 3fesA 0.83 0.307 0.746 
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3wmgA 4aywA 0.524 0.049 0.545 

3zdyD 4um8B 0.579 0.799 0.996 

3zg5A 5dvyA 0.496 0.099 0.676 

3zilA 4k6jA 0.414 0.326 0.825 

4aktA 4h6wA 0.747 0.493 0.861 

4arfA 4ar8A 0.887 0.796 0.983 

4b6hA 2lydA 0.996 0.481 0.855 

4btaA 5cwnA 0.903 0.23 0.788 

4buoB 4xeeA 0.956 0.086 0.505 

4cc9A 2gnqA 0.472 0.1 0.647 

4cguA 2vyiA 0.569 0.621 0.927 

4dcbA 1i78A 0.86 0.105 0.558 

4extC 4aezB 0.702 0.255 0.732 

4gvcA 2r4hA 0.686 0.504 0.734 

4gwqG 3rj1G 0.965 0.181 0.767 

4hanA 3wv6A 0.453 0.251 0.665 

4hdqA 4zriA 0.413 0.284 0.566 

4hfxB 3uebA 0.361 0.415 0.708 

4i6mA 5adxA 0.489 0.145 0.602 

4igqA 5fv3A 0.945 0.237 0.691 

4ktyB 3ly6A 0.49 0.048 0.529 

4l3oA 4o8zA 0.63 0.173 0.64 

4m9sB 4xgcD 0.31 0.248 0.803 

4m38A 4c03A 0.556 0.177 0.671 

4m91A 2dj3A 0.583 0.258 0.771 

4mi8B 2jcnA 0.533 0.194 0.662 

4nufA 4h1gA 0.971 0.181 0.756 

4po6A 2j0jA 0.384 0.088 0.514 

1hv2A 1vcbB 0.672 0.384 0.818 

1jmqA 2l4jA 0.93 0.93 0.997 
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Appendix Table A3. Performance of SPRINT-Str using bound or unbound structures. 

Bound 

protein 
MCC AUC 

Unbound 

protein 
MCC AUC 

2bugA 0.831 0.974 1a17A 0.831 0.944 

1ozsA 0.457 0.842 1aj4A 0.492 0.865 

3tzdA 0.677 0.829 1ap0A 0.67 0.801 

3qhrA 0.431 0.884 1aq1A 0.396 0.894 

3o0eA 0.143 0.652 1bt9A 0.166 0.669 

2astC 0.232 0.589 1buhB 0.239 0.635 

1htmD 0.393 0.897 1eo8B 0.343 0.666 

2np0A 0.257 0.724 1epwA 0.434 0.905 

4ktyB 0.239 0.826 1f13A 0.082 0.522 

2vn5C 0.118 0.504 1g1kA 0.269 0.675 

3ntwA 0.911 0.963 1i2tA 0.91 0.963 

4l3oA 0.214 0.662 1j8fA 0.201 0.69 

1bbrH 0.105 0.524 1jwtA 0.214 0.683 

1kugA 0.772 0.918 1kufA 0.815 0.907 

1wlpB 0.541 0.884 1ng2A 0.343 0.792 

2m32A 0.501 0.85 1qc5A 0.406 0.841 

1m1dA 0.173 0.612 1qsrA 0.252 0.659 

1b05A 0.428 0.853 1rkmA 0.367 0.77 

2ghqA 0.337 0.734 1t9zA 0.356 0.737 

1yjmA 0.478 0.884 1ujxA 0.24 0.66 

1j4xA 0.668 0.773 1vhrA 0.507 0.795 

1zv8A 0.324 0.702 1wncA 0.359 0.632 

2lajA 0.777 0.934 1wr7A 0.634 0.901 

1uj0A 0.797 0.955 1x2qA 0.797 0.964 

2k3wA 0.331 0.622 1yxrA 0.252 0.61 

1dpuA 0.709 0.963 1z1dA 0.634 0.916 

3jzrA 0.382 0.568 1z1mA 0.226 0.567 
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4mi8B 0.342 0.679 2aboA 0.334 0.518 

3ufmA 0.083 0.565 2booA 0.084 0.511 

1fchA 0.465 0.789 2c0mC 0.504 0.819 

2ht9A 0.164 0.594 2cq9A 0.161 0.699 

1j19A 0.222 0.715 2d2qB 0.299 0.738 

4gvcA 0.778 0.952 2d8iA 0.567 0.864 

2oeiA 0.911 0.905 2e45A 0.911 0.91 

2rr4A 0.697 0.789 2e61A 0.694 0.814 

2ykaA 0.484 0.873 2f3jA 0.353 0.768 

2vdaA 0.077 0.469 2fsiB 0.104 0.631 

3lcnB 0.688 0.892 2jpsA 0.515 0.818 

4cguA 0.643 0.877 2lsuA 0.56 0.92 

1m72C 0.672 0.908 2nn3C 0.721 0.819 

2oddA 0.45 0.774 2od1A 0.446 0.768 

2pvcA 0.329 0.566 2pv0A 0.329 0.747 

1mw4A 0.533 0.753 2qmsA 0.549 0.792 

2v5pA 0.051 0.525 2v5oA 0.072 0.536 

4nufA 0.11 0.667 2vgqA 0.061 0.453 

3nfkA 0.877 0.903 2vphA 0.877 0.905 

2akaB 0.105 0.62 2x2eA 0.164 0.769 

4dcbA 0.233 0.712 2x4mA 0.108 0.584 

2y65C 0.121 0.629 2y5wA 0.112 0.502 

2yleA 0.361 0.787 2ylfA 0.119 0.548 

3a79A 0.042 0.498 3a7bA 0.066 0.462 

3wdcA 0.207 0.697 3fh2A 0.23 0.664 

3rbqA 0.369 0.761 3gqqC 0.205 0.658 

2pkuA 0.759 0.886 3hpkA 0.366 0.534 

3hufA 0.738 0.975 3i0mA 0.743 0.987 

4lajA 0.838 0.952 3jwdA 0.713 0.849 

1r5iD 0.122 0.611 3kphA 0.153 0.809 

4m9sB 0.24 0.751 3lqqA 0.27 0.816 
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3mp1A 0.104 0.676 3mp8A 0.201 0.836 

1o9kA 0.564 0.928 3pomA 0.745 0.956 

3szmC 0.485 0.879 3shtA 0.582 0.883 

3v2xA 0.686 0.91 3so8A 0.66 0.941 

3twtC 0.804 0.972 3twqA 0.822 0.937 

4hanA 0.393 0.878 3vklA 0.72 0.955 

3wmgA 0.097 0.59 3wmeA 0.076 0.616 

3zg5A 0.076 0.606 3zfzB 0.137 0.731 

3zilA 0.355 0.792 3zikA 0.464 0.825 

4arfA 0.796 0.986 4ar1A 0.501 0.864 

4btaA 0.446 0.902 4bt8B 0.506 0.893 

1h8bA 0.142 0.575 4d1eA 0.103 0.556 

3sovA 0.448 0.846 4dg6A 0.341 0.824 

1avpA 0.147 0.58 4ekfA 0.062 0.515 

4je8A 0.614 0.923 4je6A 0.62 0.916 

2fciA 0.501 0.767 4k44A 0.501 0.738 

4m38A 0.243 0.73 4m36A 0.31 0.705 

4m91A 0.46 0.871 4m90A 0.327 0.842 

4cc9A 0.108 0.531 4pxwA 0.106 0.593 

1jmqA 0.923 0.993 4rexA 0.847 0.986 

3juaG 0.28 0.574 5emwA 0.147 0.518 

3bxmA 0.307 0.852 5f09A 0.255 0.82 

2pg1E 0.403 0.734 5jpwA 0.094 0.487 
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