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Abstract 

 

Glycosylation is an important form of protein post-translational modification where a glycan is 

attached to a protein via an enzymatic process. Experimental verification of glycosylation using 

wet lab techniques is expensive and time-consuming. While a number of computational 

prediction tools are available, none are trained using plant proteins. Since the mechanisms of 

glycosylation in plant and animal cells are known to differ, there is a need to develop a plant-

specific predictor. In this thesis, we create such predictors of N-linked glycosylation using 

support vector machines and binary profile patterns derived from protein sequence windows as 

input feature data. The final classifier achieves a recall of 80.0% and 79.0% precision, as 

measured using a 10-fold cross-validation test. Our plant-specific classifier is more accurate on 

plant proteins than are other classifiers developed here and elsewhere. Finally, we have 

developed a web server to make the tool available to the research community.  
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Summary 

 

 Post-translational modifications (PTMs) are an important cellular control mechanism that 

can affect protein properties including folding, activity, and function. Thus, these modifications 

have a significant role in different healthy and disease conditions. Glycosylation is one of the 

main post-translational protein modifications that attach glycans to proteins and lipids via an 

enzymatic process. There are two main types of protein glycan linkages; N- linked glycans that 

are linked to the nitrogen atom of asparagine amino acids and O- linked glycans that are linked 

to the hydroxyl oxygen of serine, threonine, or tyrosine amino acids. This thesis focuses on the 

prediction of N-linked glycosylation. 

 The experimental verification and validation of glycosylation sites on human and plant 

proteins using wet lab techniques is very expensive and time-consuming. Therefore, the 

development of computational prediction tools is needed, in order to choose which putative 

glycosylation sites should be pursued for experimental validation. While a number of N-linked 

glycosylation tools are available, none were trained and evaluated using plant proteins. Since we 

expect fundamental differences in the mechanisms of glycosylation in plant vs. animal proteins, 

there is a need to develop a predictor specifically tailored for plant proteins. In this project, we 

identified 113 plant and 1118 human proteins that are known to undergo N-linked glysocylation 

at one or more asparagine amino acids. These proteins contained 233 plant and 2876 human 

experimentally confirmed positive sites. A support vector machine classifier (SVM) was trained 

and tested using cross-validation over these data. Four types of feature data were extracted: 
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solvent accessibility, secondary structure, binary profile patterns, and position-specific scoring 

matrix. The RVP-Net tool was used for prediction of protein solvent-accessibility that verified all 

known positive sites are, in fact, located on the protein surface. The PSIPRED method was used 

to predict protein secondary structure. The majority of positive sites occur in non-regular (coil) 

secondary structures. Sequence conservation was visualized using Web-Logos and frequency 

matrices, and was represented to the SVM as a position-specific scoring matrix generated using 

PSI-BLAST.  

 Using these feature data, we have developed both plant-specific and human-specific 

classifiers. This trained plant classifier can recall 80.0% asparagine glycosylation sites with 

79.0% precision, as measured using a 10-fold cross-validation test. We demonstrate that our 

plant-specific classifier is more accurate at identifying glycosylation sites on plant proteins than 

is the human-specific classifier, and vice-versa. Furthermore, we demonstrate that our plant 

classifier has higher prediction accuracy, sensitivity, specificity, and precision than existing 

glycosylation prediction tools such as GlycoPP (developed for prokaryotic protein sequences) 

and GPP (developed for human protein sequences). Finally, we have developed a web server for 

this prediction tool to make the tool available to the molecular biology research community. This 

prediction tool PlantGlyco is currently available at: http://bioinf.sce.carleton.ca/GLYCO.  

http://bioinf.sce.carleton.ca/GLYCO


v 

 

Acknowledgements 

 First and foremost, I would like to offer my special appreciation to my supervisor, Dr. 

James Green from the Department of Systems and Computer Engineering for all your continuous 

support and guidance in all stages of this thesis research. Dr. James Green trained me in the 

biological and bioinformatics fields, which helped me to have a clear objective of my project. He 

provided all required resources and tools as he could; that benefited me a lot, and helped me to 

steer in the right direction. I do strongly appreciate your support in the programming part of this 

research by providing server, database, coding and the necessary source codes that I could use in 

my own programming. Dr. James Green helped me to find and install the appropriate tool for 

training my classifier as well as debugging. I learned many programming skills from him. I 

would also like to thank you for all your brilliant comments, insightful idea, suggestions, 

patience and valuable supervision during my MASc. studies. More greatly, your encouragement 

and enthusiasm in this research helped me to improve my skills in bioinformatics and biological 

sciences. 

 I would like to thank all my committee members for their warm encouragement and 

insightful comments that let me to grow as a research scientist. Finally, I would like to thank my 

parents and my loving daughter who always love me, believe me and encourage me with their 

best wishes. 

 



vi 

 

Table of Contents 

ABSTRACT .................................................................................................................................. II 

SUMMARY ................................................................................................................................. III 

ACKNOWLEDGEMENTS ......................................................................................................... V 

TABLE OF CONTENTS ........................................................................................................... VI 

LIST OF TABLES ...................................................................................................................... IX 

LIST OF FIGURES ...................................................................................................................... X 

LIST OF ABBREVIATIONS .................................................................................................. XII 

1 INTRODUCTION ................................................................................................................ 1 

1.1 POST-TRANSLATIONAL MODIFICATION OF PROTEINS ....................................................... 1 

1.2 MOTIVATION .................................................................................................................... 2 

1.3 HYPOTHESIS ..................................................................................................................... 3 

1.4 OVERVIEW OF RESEARCH RESULTS .................................................................................. 3 

1.5 OVERVIEW OF THESIS STRUCTURE ................................................................................... 5 

2 REVIEW OF THE LITERATURE AND BACKGROUND ............................................ 6 

2.1 PATTERN CLASSIFICATION ............................................................................................... 6 

2.1.1 Support vector machines ........................................................................................... 7 

2.1.2 Evaluation of classification accuracy ..................................................................... 14 

2.1.3 Classification of imbalanced data .......................................................................... 17 

2.2 PROTEIN BIOLOGY ......................................................................................................... 18 

2.2.1 Primary structure .................................................................................................... 19 

2.2.2 Secondary structure ................................................................................................ 20 

2.2.3 Tertiary structure .................................................................................................... 21 

2.2.4 Quaternary structure .............................................................................................. 22 

2.2.5 The amino acids ...................................................................................................... 23 

2.2.6 Glycosylation as a PTM .......................................................................................... 26 

2.2.7 Protein databases.................................................................................................... 29 



vii 

 

2.2.8 Sequence conservation ............................................................................................ 29 

2.2.9 Predicting Secondary structure .............................................................................. 30 

2.2.10 Surface accessibility................................................................................................ 31 

2.3 EXISTING COMPUTATIONAL TOOLS FOR PREDICTING PTM SITES.................................... 33 

2.4 EXISTING TOOLS FOR PREDICTION OF GLYCOSYLATION SITES ........................................ 34 

2.4.1 N-GlycoSite and ScanSite ....................................................................................... 34 

2.4.2 GlycoPP .................................................................................................................. 35 

2.4.3 NetNGlyco v1.0 ....................................................................................................... 37 

2.4.4 EnsembleGly ........................................................................................................... 38 

2.4.1 GPP ......................................................................................................................... 38 

3 MATERIALS AND METHODS ....................................................................................... 43 

3.1 OUTLINE ........................................................................................................................ 43 

3.2 DATA COLLECTION AND STORAGE ................................................................................. 44 

3.2.1 Positive and negative data sets ............................................................................... 44 

3.2.2 Local database ........................................................................................................ 45 

3.3 FEATURE EXTRACTION FOR TARGET PROTEINS ............................................................... 46 

3.3.1 Patterns of sequence conservation.......................................................................... 46 

3.3.2 Surface accessibility................................................................................................ 47 

3.3.3 Secondary structure ................................................................................................ 49 

3.3.4 Binary Profile Patterns ........................................................................................... 50 

3.4 PATTERN CLASSIFICATION ............................................................................................. 50 

3.4.1 Local sequence window .......................................................................................... 50 

3.4.2 Removing identical data points ............................................................................... 52 

3.4.3 Using differential positive and negative misclassification cost ratios to address 

class imbalance ..................................................................................................................... 53 

3.4.4 Optimal parameter for support vector machine ..................................................... 53 



viii 

 

3.5 DEVELOPING A WEB SERVER TO PREDICT NOVEL GLYCOSYLATION SITES ....................... 54 

4 RESULTS ............................................................................................................................ 56 

4.1 CHARACTERIZATION OF KNOWN N-LINKED GLYCOSYLATION SITES.............................. 56 

4.1.1 Surface accessibility information on the plant/human positive and negative sites 56 

4.1.2 Secondary structure information on the plant/human positive and negative sites . 57 

4.1.3 Sequence conservation information for the plant positive/negative sites ............... 58 

4.1.4 Sequence conservation information on the human positive/negative sites ............. 62 

4.2 PATTERN CLASSIFICATION ............................................................................................. 66 

4.2.1 The effect of feature selection on the SVM classifier .............................................. 67 

4.2.1 Cross-species prediction of N-glycosylation .......................................................... 70 

4.2.2 Performance of final plant and human predictors .................................................. 73 

4.2.3 Evaluate GPP / GlycoPP prediction tools using plant and human datasets .......... 75 

4.3 THE GLYCOSYLATION PREDICTION WEB SERVER ........................................................... 77 

5 DISCUSSION ...................................................................................................................... 81 

5.1 CONTRIBUTIONS ............................................................................................................ 81 

5.1.1 Data collection and storage .................................................................................... 81 

5.1.2 Characterizing target proteins ................................................................................ 81 

5.1.3 Pattern classification .............................................................................................. 82 

5.1.4 The N-linked glycosylation prediction web server.................................................. 83 

5.2 RECOMMENDATIONS FOR FUTURE WORK ....................................................................... 83 

5.2.1 Collecting additional data ...................................................................................... 83 

5.2.2 Application of current approach to other types of glycosylation ........................... 84 

5.2.3 Compute different feature data ............................................................................... 84 

5.2.4 Combination of multiple experts ............................................................................. 85 

REFERENCES ............................................................................................................................ 86 

 



ix 

 

List of Tables 

TABLE 1. THE LIST OF AMINO ACIDS, SYMBOLS, AND THEIR ABBREVIATIONS (REPRODUCED 

FROM [21]) ............................................................................................................................ 24 

TABLE 2. GLYCOPP PERFORMANCE BASED ON BPP, CPP AND PPP PROFILES ........................ 37 

TABLE 3.  GPP RANDOM FOREST AND NAÏVE BAYES ALGORITHMS (ADAPTED FROM [41]) ...... 41 

TABLE 4.  GPP PREDICTION TOOL IN COMPARISON TO OTHER GLYCOSYLATION PROGRAMS 

(ADAPTED FROM [41]) ........................................................................................................... 42 

TABLE 5.  A PORTION OF THE DATABASE THAT CONTAINS THE POSITIVE AND NEGATIVE DATA 

INFORMATION FOR EACH ASPARAGINE RESIDUE IN A TARGET PROTEIN SEQUENCE .......... 45 

TABLE 6. A PORTION OF THE TABLE THAT CONTAINS THE PSSM INFORMATION ..................... 47 

TABLE 7. A PORTION OF THE TABLE THAT CONTAINS THE SURFACE ACCESSIBILITY 

INFORMATION (SA) .............................................................................................................. 48 

TABLE 8.   A PORTION OF THE TABLE THAT CONTAINS THE SECONDARY STRUCTURE 

INFORMATION (SS) ............................................................................................................... 49 

TABLE 9. THE CROSS-VALIDATION RESULTS FOR SUPPORT VECTOR MACHINE (SVM) OVER 

PLANT ASPARAGINES USING THE FEATURE SET BPP, AND SA. ........................................... 55 

TABLE 10.  THE FREQUENCIES OF AMINO ACIDS SURROUNDING GLYCOSYLATED PLANT ASN 

RESIDUES ............................................................................................................................... 61 

TABLE 11.  THE FREQUENCIES OF AMINO ACIDS SURROUNDING NON-GLYCOSYLATED PLANT 

ASN RESIDUES ....................................................................................................................... 62 

TABLE 12. THE FREQUENCIES OF AMINO ACIDS SURROUNDING GLYCOSYLATED HUMAN ASN 

RESIDUES ............................................................................................................................... 63 

TABLE 13. THE FREQUENCIES OF AMINO ACIDS SURROUNDING NON-GLYCOSYLATED HUMAN 

ASN RESIDUES ....................................................................................................................... 64 

TABLE 14. RESULTS OF FEATURE SELECTION USING THE PLANT DATASET ................................ 68 

TABLE 15 RESULTS OF FEATURE SELECTION USING THE HUMAN DATASET ............................... 69 

TABLE 16. CROSS-SPECIES CLASSIFICATION ACCURACY USING BPP+SA AS SOLE INPUT 

FEATURE ............................................................................................................................... 72 

TABLE 17. EVALUATE GPP/GLYCOPP PREDICTION TOOL USING PLANT/HUMAN DATASETS ... 76 

 



x 

 

List of Figures 

FIGURE 1: PROTEIN SYNTHESIS PROCESS FROM GENE TO PTM ......................................................... 2 

FIGURE 2: BASIC CONCEPT ABOUT SUPPORT VECTOR MACHINE (REPRODUCED FROM [12]) .............. 8 

FIGURE 3: KERNEL METHODS CAN DEAL WITH NON-LINEAR CLASSIFIER (REPRODUCED FROM [10]) . 9 

FIGURE 4. CONFUSION MATRIX ...................................................................................................... 15 

FIGURE 5. PROTEIN STRUCTURE (REPRODUCED FROM  [17]) .......................................................... 19 

FIGURE 6. THE PRIMARY STRUCTURE OF PROTEIN (REPRODUCED FROM [18]) ................................ 20 

FIGURE 7: THE SECONDARY STRUCTURE OF A PROTEIN (REPRODUCED FROM [18]) ........................ 21 

FIGURE 8: THE TERTIARY STRUCTURE (REPRODUCED FROM [18]) .................................................. 22 

FIGURE 9. QUATERNARY PROTEIN STRUCTURE OF A) COLLAGEN AND B) HEMOGLOBIN 

(REPRODUCED FROM [18]) ..................................................................................................... 23 

FIGURE 10. THE STRUCTURE OF ASPARAGINES AMINO ACID (REPRODUCED FROM [24]) ................. 25 

FIGURE 11. STRUCTURE OF THE MAIN TYPES OF ASPARAGINE-LINKED OLIGOSACCHARIDES 

(REPRODUCED FROM [5]) ....................................................................................................... 27 

FIGURE 12. N-GLYCOSYLATION PATHWAY IN ARABIDOPSIS THALIANA (REPRODUCED FROM [4]) . 28 

FIGURE 13: PSIPRED PREDICTION OUTPUT (REPRODUCED FROM  [33]) ........................................ 31 

FIGURE 14: THE SOLVENT ACCESSIBLE SURFACE AREA (REPRODUCED FROM [34]) ........................ 32 

FIGURE 15.  A PORTION OF N_GLYCOSITE OUTPUT SHOWING A MULTIPLE SEQUENCE ALIGNMENT ( 

REPRODUCED FROM [44]) ...................................................................................................... 35 

FIGURE 16: THE  NETNGLYCO V1.0 WEB SERVER (REPRODUCED FROM [26]) ................................ 40 

FIGURE 17.  STEPS IN DEVELOPING A TOOL FOR THE PREDICTION OF ASPARAGINE N-LINKED 

GLYCOSYLATION SITES .......................................................................................................... 43 

FIGURE 18.  PREDICTED SURFACE ACCESSIBILITY OF ALL POSITIVE AND NEGATIVE SITES .............. 57 

FIGURE 19.  PREDICTED SECONDARY STRUCTURE ON ALL POSITIVE AND NEGATIVE SITES BY USING 

PSIPRED .............................................................................................................................. 58 

FIGURE 20. THE CONSERVATION PATTERN OF SEQUENCE WINDOWS FOR ALL PLANT POSITIVE AND 

NEGATIVE SITES ..................................................................................................................... 59 



xi 

 

FIGURE 21. THE CONSERVATION PATTERN OF SEQUENCE WINDOWS FOR ALL HUMAN POSITIVE AND 

NEGATIVE SITES ..................................................................................................................... 65 

FIGURE 22. SEQUENCE CONTEXTS OF PLANT AND HUMAN GLYCOSITES ......................................... 66 

FIGURE 23: HEATMAPS FOR PLANT (A) AND HUMAN (B) PROTEINS USING THE BPP+SA FEATURE 

SET ......................................................................................................................................... 71 

FIGURE 24. PERFORMANCE CURVES. A: PLANT PRECISION-RECALL CURVE, B: PLANT ROC CURVE, 

C: HUMAN PRECISION-RECALL CURVE, D: HUMAN ROC CURVE. HYPERPARAMETER VALUES 

AND FINAL PERFORMANCE METRICS ARE SHOWN FOR EACH CLASSIFIER. ............................... 74 

FIGURE 25. PERFORMANCE CURVES USING PLANTGLYCO METHOD USING MORE PERMISSIVE 

DECISION THRESHOLD. A: PLANT PRECISION-RECALL CURVE, B: PLANT ROC CURVE, C: 

HUMAN PRECISION-RECALL CURVE, D: HUMAN ROC CURVE ................................................ 77 

FIGURE 26: SCREENSHOTS FROM DEVELOPED WEB SERVER: A) IS ENTRY SCREEN, B) IS “IN 

PROGRESS” SCREEN, AND C) IS RESULTS SCREEN. .................................................................. 80 

 



xii 

 

List of Abbreviations 

Abbreviation Definition
 

AA Amino Acid 

Asn/N Asparagine 

AUC Area under ROC curve 

BPP Binary profile patterns 

DNA Deoxyribonucleic acid 

EC Enzyme Commission Number 

ELM Eukaryotic Linear Motif 

FN False Negatives
 

FP False Positives
 

L Leucine 

MCC Matthew‟s Correlation Coefficient 

mRNA Messenger Ribonucleic acid 

MS Mass spectrometry 

NCBI National Center for Biotechnology Information 



xiii 

 

P Proline 

PPV Positive Predictive Value 

PSI-BLAST Position Specific Iterative BLAST 

PSSM Position Specific Scoring Matrix 

PTM Post-translational modification 

RBF Radial Basis Function 

RNA Ribonucleic acid 

ROC Receiver operating characteristics curve 

S Serine 

SA Surface accessibility 

SS Secondary structure 

SVM Support Vector Machine 

T Threonine 

TN True Negatives 

TP True Positives 

 



1 

 

1 Introduction 

1.1 Post-translational Modification of Proteins 

 Proteins are known to play important roles in nearly all cellular processes, including both 

healthy and disease states. Once translated from messenger RNA (mRNA) at the ribosome, the 

majority of proteins require chemical modification before becoming functional in cells [1]. These 

protein post-translational modifications (PTMs) affect both the physical and chemical properties 

of the protein with impacts on protein folding, conformation, activity, and function [2]. 

Therefore, studying PTMs may enable interventions in many biological processes and also 

increase our understanding of the mechanisms of cellular regulation [2]. Figure 1(reproduced 

from [3]) summarizes the process of protein synthesis and PTM. In this figure, RNA is 

synthesized during transcription by using genomic DNA as a template. The initial transcript is 

then transferred from the nucleus to the cytosol, where the introns are removed and the exons are 

joined to form the mature transcript [3]. Then, in the process of translation, the protein is 

synthesized from mRNA. Finally, the generated protein (gene product) can be modified by a 

number of PTMs [3]. There are many types of protein PTMs such as phosphorylation, where 

phosphate group is added to a protein, and glycosylation, where a glycan (complex sugar) is 

added to a protein. This thesis focusses on developing predictors of glycosylation PTM sites on 

protein sequences. Specifically, we predict sites of N-linked glycosylation, in which an 

asparagine amino acid (with symbol „N‟) is chemically modified through the attachment of a 

glycan.  
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Figure 1: Protein synthesis process from gene to PTM 

 

1.2 Motivation 

Since experimental techniques for verifying protein PTMs, such as glycosylation, are 

extremely resource intensive (both costly and requiring significant human expertise), there is a 

need to create in silico predictors of PTMs. Several such systems have been successfully 

developed for a range of PTMs. However, all existing predictors of glycosylation appear to be 

trained on human proteins or generically across proteins from multiple species (e.g. GPP for 

prediction of mammalian glycosylation sites, GlycoPP for prediction of N-linked glycosylation 

in prokaryotic protein sequences, and NetNglyc for prediction of human glycosylation sites). 

Seeing as there is a need to study  glycosylation specifically in plant proteins, as they are 
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important for fields such as food science, and considering that species-specific approaches have 

been successfully applied in other fields  (e.g. microRNA prediction, secondary structure 

prediction), we believe that training a plant-specific glycosylation prediction system will result in 

improved classification performance for plant proteins. Furthermore, Henquet [4] discusses a 

number of differences in the glycosylation process in different species. These include differences 

in the N-glycan structure attached to the asparagine, as well as different glycosylation processing 

enzymes in different species. These differences motivate the current thesis, where we aim to 

create phyla-specific predictors of N-linked glycosylation in plant proteins.  

1.3 Hypothesis 

 We hypothesize that differences in N-linked glycosylation processes differ in plant and 

animal cells will be reflected in differing glycosylation recognition sites (motifs) in plant and 

human proteins are different. Therefore, existing prediction systems trained on human proteins 

will be sub-optimal for the identification of glycosylation sites in plant proteins. Furthermore, we 

hypothesize that N-linked glycosylation predictors trained on plant proteins will out-perform 

predictors trained on human proteins when predicting glycosylation sites in plant proteins, and 

vice-versa. 

1.4 Overview of research results  

 My research includes four main steps.  

 Step 1: Collect all experimentally confirmed N-linked glycosylation sites on plant and 

human protein targets. We found 113 plant protein targets, with 233 positive sites for asparagine 

N-linked glycosylation, and 1118 human protein targets with 2876 positive sites for asparagine 
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N-linked glycosylation. Asparagine residues not explicitly denoted as glycosylated were used as 

negative (i.e. non-glycosylated) data. Redundant sequence windows were removed prior to 

further analysis. 

 Step 2: Analyze the positive and negative sites for both plant and human proteins in term 

of sequence conservation (PSSM), secondary structure (SS), binary profile of patterns (BPP), 

and solvent accessibility (SA). Local sequence windows (±7 amino acids that centered at each 

positive site) are extracted and surface accessibility and secondary structure are predicted for 

each window. We found that the majority of positive sites were located on the protein surface 

and in non-regular or beta-strand secondary structure elements for both plant and human protein.  

 Step 3: Develop and evaluate a computational prediction tool for plant glycoproteins. In 

this step, SVM classifiers are trained and evaluated with input features of BPP, SA, SS, and 

PSSM. Optimal SVM hyperparameter values were chosen via 10-fold cross-validation tests with 

the goal of simultaneously maximizing recall and precision. The best trained classifier can 

achieve a recall of 80.0% of asparagine glycosylation sites with 79.0% precision. Plant-specific 

predictors are shown to out-perform human-trained classifiers on plant test data and vice-versa, 

justifying our decision to create phyla-specific prediction systems. 

 Step 4: Develop a web server for this prediction tool and to make it publicly available to 

the researcher community. The prediction tool PlantGlyco is currently available at 

http://bioinf.sce.carleton.ca/GLYCO. 

http://bioinf.sce.carleton.ca/GLYCO
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1.5 Overview of thesis structure 

 Chapter two presents detailed background information on pattern classification, proteins, 

existing computational tools for predicting PTM sites in general, and glycosylation sites in 

particular.  

 Chapter three summarizes the methods used including data collection and storage, 

resulting positive and negative data sets, categorizing target proteins, pattern classification, and 

development of a web server to predict novel glycosylation sites. 

 Chapter four describes the results in three stages: SA and SS information from analysis of 

plant and human positive and negative sites, pattern classification results for varying feature sets, 

within- and cross-species performance, etc. 

 Chapter five presents a summary of research conclusions, contributions and 

recommendations for future work. 
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2 Review of the literature and background 

In this chapter, the literature is reviewed to provide the reader with the necessary background and 

context for this thesis. The review begins with pattern classification, types of supervised 

methods. It then continues to describe support vector machines (SVM), as it is the main machine 

learning technique used in this thesis. Protein biology is briefly reviewed. Lastly, the different 

types of existing computational tools and related work on the prediction of glycosylation sites on 

proteins are described. 

2.1 Pattern Classification 

 Humans continuously face pattern classification tasks everywhere and take an action 

based on what they observe or infer. For example, the ability to read handwritten characters, 

recognizing a face, feeling an object in our pocket, distinguishing a ripe apple from its smell, etc. 

are all acts of pattern classification [5]. According to the importance of the patterns in the natural 

world and humans, we need to build a machine  to have similar capabilities for some applications 

such as speech recognition, fingerprint identification, DNA sequence identification, and much 

more [5]. Moreover, there are two types of classification techniques: 1) supervised learning, 

where the input pattern is selected from a set of training data where the class is known, and 2) 

unsupervised classification, where each input pattern belongs to an unknown class and is 

classified based on its similarity to other input patterns [5], [6]. The challenge of predicting 

glycosylation sites on proteins is a supervised learning problem. There are many supervised 

learning methods for pattern classification such as support vector machines (SVMs), decision 

trees, K-nearest neighbour, artificial neural networks and Naïve Bayes [9]. This thesis we focus 
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on support vector machines as they have been successfully employed in a wide variety of 

bioinformatics challenges.  

2.1.1 Support vector machines 

 One of the most powerful techniques for pattern classification is SVMs since they can 

work with high-dimensional data while often avoiding over fitting of the classifier to the training 

data [8]. The SVM algorithm was first proposed by Vapnik in 1995 [10] as a means to optimize 

the placement of a decision hyperplane between data from two classes in order to maximize the 

distance from the decision hyperplane to the nearest data from each class. This distance is called 

the margin of the classifier, and is measured in a direction orthogonal to the decision hyperplane.  

The optimal hyperplane is the one with the maximum separation or margin between the classes 

[8]. By maximizing the decision margin, one promotes the ultimate goal of training a support 

vector machine, which is to generalize to future unseen test data [8]. 

  SVMs have two cases: the first case is linearly separable, so that the data from the two 

classes can be separated by a linear discriminate. In this first case, the SVM finds the hyperplane 

with maximal margin between the two classes. In the second case, the data of two classes are not 

linearly separable. Therefore, in this case, the input data is first mapped into another (possibly 

higher dimensional) feature space by applying nonlinear kernels, in order to make the data 

linearly separable [8]. Placement of the hyperplane in this new feature space ensues. The two 

cases are shown in the Figure 2 and Figure 3.  

 Figure 2 illustrates the linearly separable case. Here, the SVM can separate the data from 

the two classes with a linear decision boundary. The separating line (solid line) in this graph 
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expresses a decision boundary so that the data points (solid circles) above this line belong to one 

class and the other data points (white  circles) below this line belong to the another class. The 

margin between the two data sets is measured as the distance from the nearest training data 

points of two classes (called the support vectors). The margin is shown as the dashed lines. The 

support vectors in this figure are the three highlighted training data points which define the 

optimal separating hyperplane [11]. 

 

Figure 2: Basic concept about support vector machine (reproduced from [12])  

 

 Figure 3 presents the powerful technique of the kernel method (see below) that is able to 

create nonlinear classifiers, whereby the kernel function can rearrange the input data into linearly 
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separable form [10]. A linear decision hyperplane in this new feature space corresponds to a 

nonlinear separator in the original input space [10]. 

 

Figure 3: kernel methods can deal with non-linear classifier (reproduced from [10]) 

 

 The basic concepts of SVM and key equations for developing the SVMs are described in 

the following sections. 

2.1.1.1 SVM Formulations 

The following derivations follow [9]. Assuming, the data points  nxx ,...,1  are the vectors in the 

feature space pRX   and the related labels are described by  1,1iy . The hyperplane is 

defined by 0 bxw , so that pRw , and Rb . The weight vector, w , is normal to the 

hyperplane. The perpendicular distance from the hyperplane to the origin along the normal 
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vector w is described by 
w

b
. Here, each instance is grouped into positive or negative class such 

that 1 bxw  for 1iy  and 1 bxw  for 1iy . This can be rewritten in the 

(normalized) form: 

    1 bxwyi  for all .1 ni                               (2.1)  

The geometric distance between the points from each class that are closest to the decision 

hyperplane is 
w

2
 . Therefore, we wish to minimize w  by selecting the optimal vector w  and 

parameter b . Here, the optimization problem is not easy to solve, since it depends on w  that 

includes a square root. However, we can modify the equation by replacing w  with 
2

2

1
w , 

which is mathematically convenient and has the same solution which can be solved using 

quadratic programming [9]. With this substitution, we have: 

 
2

),( 2

1
minarg w

bw
  (2.2) 

Introducing Lagrange multipliers  , equations 2.1 and 2.2 become [9]: 

 

  













n

i

iii
bw

bxwyw
1

2

0,
1

2

1
maxminarg 


  (2.3) 

For all training points not on the margin (i.e. those points which are not support vectors), we set 

the corresponding i  to zero. Based on the stationary Karush-Kuhn-Tucker condition the 

solution can be described as a linear combination of the training vectors [12]: 
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.

1

ii

n

i

i xyw 


 
                                                               (2.4) 

In this case, we have only few i  that are greater than zero, and the corresponding ix  are the 

support vectors which are exactly located on the margins and satisfy   .1 bxwy ii  From this 

formula, the support vectors can also satisfy [9]: 

iiiii yxwbyybxw  /1  

It lets one describe the offset .b  Instead, it is more robust  to average over all svN  support vectors 

[9] such that: 

  



svN

i

ii

sv

yxw
N

b
1

1
 (2.5)  

 The optimization problem above can be restated in its dual form that only needs to 

measure the dot product between all input vectors, xi. This fact is also important for the Kernel 

Trick for nonlinear classification, as discussed below. Considering that www 
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substituting 2.4 in equation 2.3, the dual form is described by [9]: 
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Such that 0i  for any  ni ,...,1 , and 0
1
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i

i y  due to the minimization in b in equation 

2.3 [9]. Here, the kernel is expressed as   jiji xxxxk , which results in a linear classifier.  

SVMs can be either hard-margin or soft-margin classifiers. The hard-margin SVM classifier does 

not permit any support vectors to be located within the margin and the margin is maximized by a 

trained SVM. On the other hand, in a soft-margin SVM classifier there is a trade-off between 

maximizing the margin and minimizing the number of training errors [7], [11]. However, some 

support vectors falling within the margin will not be classified correctly by the separating 

hyperplane. This trade-off is quantified by the hyperparameter, c , that is typically tuned to get 

maximum classification accuracy [7], [11]. The following formula uses slack variables, i  (0), 

to capture the degree to which the training data ix is misclassified [9]:  

   iii bxwy  1    for  .1 ni   (2.7) 

Then the function that "penalizes" non-zero i  will increase the objective function, so that the 

optimization will regard as a trade-off between a large margin and small number of 

misclassifications. In the case of having a linear misclassification penalty function, then the 

optimization problem is written by [9]:  
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Here, Lagrange multipliers can be used to simultaneously minimize w  while enforcing the 

above constraints. This leads to [9]:   
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with .0, ii   

Again turning to the Dual form, we have the following formulation [9]:  

 Maximize (in i ) 
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such that for any ),...,1( ni  , ,0 ci   and .0
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In the case that training instances are not linearly separable in the original input feature, it is 

possible to use a non-linear transformation on the original input vectors so that they move into a 

potentially higher dimensional feature space, where there is an optimal separating hyperplane. 

Similar to the linearly separable case, the margin is maximized in this new feature space to 

improve the generalization ability of the classifier [9]. The nonlinear transformation of the 

feature data can be achieved by using a nonlinear kernel function in place of the simple dot-

product used above. There are a number of kernel functions that are commonly used, including 

linear, polynomial, radial basis function (RBF), and sigmoid. The RBF kernel is used throughout 

this thesis. 
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2.1.1.2 Using parameter sweeping to set SVM architectural parameters  

When developing an SVM classifier, there are a number of architectural parameters (hyper 

parameters) that must be set prior to training. First, one must select the form of kernel function to 

use. For some kernels, parameters must also be optimized (e.g. the “spread” parameter,  of an 

RBF kernel function). Lastly, as discussed above, the slack penalty coefficient c is used to permit 

some misclassified data points to be on the wrong side of the separating hyperplane. A large 

value of c will result in a “harder” classifier, while a smaller value will result in a “softer” 

classifier [9]. Since the optimal choice of kernel function and optimal hyperparameter values of c 

and  depend on the specific dataset, parameter sweeping over the training dataset should be 

conducted using cross-validation [12]. 

2.1.2 Evaluation of classification accuracy   

 Evaluation of classification accuracy plays an important role in machine learning. There 

are several different measures that are used to evaluate the prediction system. However, they 

may not be appropriate to all problem domains. Thus, in this section, we explain some of the 

advantages of different measures that are used to measure classification performance. Most 

performance metrics derive from the confusion table (confusion matrix) [13]. Such a table is 

illustrated in Figure 4. For a two class problem, this table designed with two rows and two 

columns. The columns indicate the instances in an actual class and the rows indicate the 

instances in a predicted class. The matrix consists of two rows and two columns report the 

number of true negative (TN), false positives (FP), false negatives (FN), and true positives (TP).  
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Figure 4. Confusion matrix 

 

From this table, a number of performance metrics can be computed [13]: 

Sensitivity (Sn) or recall is the percentage of labeled instances that are truly positive that 

were also correctly predicted as positive by the classifier. It is calculated by [5]:  

Recall =
)( FNTP

TP


 

Specificity (Sp) is the percentage of negative instances that is correctly predicted to be 

negative by the classifier. It is defined by [5]: 

Specificity = 
)( FPTN

TN


 

Positive predictive value (PPV) or precision is the percentage of positive predictions 

made by the classifier that are correct (i.e. are actually positive). It  is calculated by [5]:  

PPV =
)( FPTP

TP


  



16 

 

In cases where there is significant class imbalance (see next section for detailed 

discussion), one should use the “prevalence-corrected precision” to account for the very high or 

low prevalence of the positive class. In this case, our prevalence is only 10%, as 90% of 

asparagines are unmodified. Precision is measured using as Precprev throughout the thesis, so the 

subscript is omitted for brevity. Assuming a prevalence r, the formula for prevalence-corrected 

precision is: 

  )1(
Prec

FPrTP

TP
prev


 

 

Matthews Correlation Coefficient (MCC) is used as measure of the quality for binary 

classification. The CC is a correlation coefficient between the observed and predicted binary 

classification result. It returns a value between -1 and +1. A coefficient of +1 represents a perfect 

prediction, 0 an average random prediction and -1 an inverse between prediction and 

observation. It is measured by [5]: 

MCC = 
))()()((

)(

FNTNFPTNFNTPFPTP

FNFPTNTP




 

 

In addition to selecting appropriate performance metrics, one must also decide how to use 

the available data to both train and evaluate the classification system. When faced with an 

abundance of data, a simple splitting of the data between training, validation, and testing datasets 

is possible. This is referred to as the hold-out test. However, as is the case here, one is often 

faced with very limited data. In such cases, cross-validation is preferred to the hold-out test such 

that all data can be used for both training and testing the classifier (but never at the same time). 

Assume that our original sample is randomly divided into k equal size subsamples. We train an 
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SVM on k-1 of them, and test on the single subsample remaining. In this method, the cross-

validation repeated k times, so that, each of the "k subsamples" is used as "the validation data" 

[14]. The result of k-fold cross validation can be averaged or combined  in order to make a 

"single estimation" [14]. The advantage of this method is that all data points are used for both 

training and test sets, and each data point is used for test set exactly once [14]. The cross-

validation test has no bias, but may suffer from high variance in some cases [5]. 

2.1.3 Classification of imbalanced data  

 An imbalanced data classification occurs when one class has substantially more data in 

comparison to the second class [15]. In this imbalanced data classification, the class that contains 

smaller data is known as minority class and the other class signified as majority class [16]. This 

situation can produce many problems in "real-world" applications, since the classifier tends to 

over-predict the majority class, especially if overall accuracy is used as the performance measure 

to be optimized during training. For example, if a patient with cancer is in the positive class and 

the non-cancer patient labeled in the negative class, and that there are far more examples of the 

negative class in the training dataset, then the performance of the classifier will tend to be biased 

towards the negative class. This will lead to a high false negative rate, missing many cases where 

the patient actually has cancer. Consequently, many methods have been developed to resolve the 

unbalanced data sets problem on both data and algorithm level. At the data level, one can either 

randomly under sample from the majority class, or oversample the minority class (e.g. by 

including multiple copies of some data from the minority class) [16]. In so doing, the classifier is 

presented with a more balanced dataset during training and avoids biasing itself towards the 

dominant class. At the algorithm level, one can specify different weightings for errors made on 
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the minority and majority classes. For example, during training, one can specify that 

misclassifying patients who actually have cancer is a far more serious error than misclassifying 

patients who do not actually have cancer. 

 Since significant class imbalance is expected in the proteome, for instance, most 

asparagines are not glycosylated, it is then critical that our specificity be very high, even at the 

cost of sensitivity. Therefore, we consider the positive predictive value and the sensitivity as our 

key performance metrics for the final result.   

2.2 Protein Biology 

 Proteins are made of polymers of 20 different amino acids, which are linked to one 

another by peptide bonds, so that they form a long chain. Each of these amino acids contains a 

central carbon or the alpha carbon that is joined to a carboxyl group, a hydrogen, an amino 

group, and a unique side chain or R-group. This structure is illustrated in the Figure 5 [17]. 
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Figure 5. Protein structure (reproduced from  [17]) 

 Proteins provide numerous functions in an organism, such as structural roles 

(cytoskeleton), catalysts (enzymes), transporter to ferry ions and molecules across membranes, 

and hormones, etc. There are also four levels of protein structural features that are described as 

follows [17]: 

2.2.1 Primary structure 

  The primary structure of a protein is represented as a single sequence of amino acids and 

is referred to as a polypeptide chain. In the primary structure, covalent bonds that are made 

during the translation can hold the amino acids together. The primary structure is also encoded in 

DNA. Therefore, the inherited genetic information encodes the primary structure of a protein  

[18]. The primary structure of protein is illustrated in Figure 6. This figure shows the primary 

structure of protein that starts at one end with the N- terminus as a free amino group and 

terminates at the other end with the  c-terminus as a free carboxyl group [18]. 
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2.2.2 Secondary structure 

 Secondary structure results from the formation of hydrogen bonds between the amino 

group of one amino acid residue and the carboxyl group of another. The two important forms of 

secondary structure are: α-helix which is a spiral structure that comes from hydrogen bonding 

between the first and the fourth peptide bond.; and β-sheets, where two or more polypeptides are 

joined together by hydrogen bonds between H- bonds of  NH- and carbonyl oxygen of  its 

neighboring chain [18]. These secondary structures are illustrated in the Figure 7.   

 

Figure 6. The primary structure of protein (reproduced from [18]) 
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Figure 7: The secondary structure of a protein (reproduced from [18]) 

2.2.3 Tertiary structure 

  The tertiary structure describes the full 3D structure of a protein chain. It is caused by a 

variety of bond formation between R groups and the polypeptide backbone or between the side 

chains on pairs of amino acids [18]. In this form, there are four types of bonding interaction on 

side chains such as disulfide bonds, hydrogen bonding, ionic bonds, and hydrophobic 

interactions [18], [19].  Hydrogen bonds are between polar side chains. Ionic bonds are among 

charged R groups that mean they are between basic and acidic amino acids [18], [19]. 

Hydrophobic interactions are between hydrophobic or non-polar R groups [18], [19]. Disulfide 

bridge is formed by sulfhydryl or SH groups on cysteine monomers [18], [19]. 
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Figure 8: The tertiary structure (reproduced from [18]) 

2.2.4  Quaternary structure 

The quaternary structure is a combination of several polypeptide subunits that are joined together 

by non-covalent interactions [18]. Figure 9 illustrates two examples of proteins that have 

quaternary structure. Collagen is a fibrous protein of three polypeptides or trimeric, which are 

curled like a rope. Hemoglobin is a globular protein of four polypeptide chains or tetrameric.  
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Figure 9. Quaternary protein structure of a) collagen and b) hemoglobin (reproduced from [18]) 

2.2.5 The amino acids 

Amino acids are important organic compounds where each amino acid is composed of an amine 

(-NH2 ) group, a carboxylic acid (-COOH) group, and a side-chain (R group). The four main 

elements of amino acids are carbon, hydrogen, oxygen, and nitrogen [20]. Other elements may 

be included in the side chain of specific amino acids. Each amino acid has a common name, a 

three letter abbreviation, and also a single letter abbreviation. The amino acids fall into four 

different classes based on the properties of their side-chain such as, polar and neutral, acidic and 

polar, basic and polar, non-polar and neutral [20]. The list of amino acids, symbols, and their 

abbreviations are shown in Table 1 [21].  

2.2.5.1 Hydrophilic residues 

We classify amino acids as hydrophilic when they tend to be in contact with "aqueous solutions" 

[22]. The amino acids that are hydrophilic including arginine, asparagine, aspartate, glutamine, 

glutamate, histidine, lysine, serine, and  threonine [22].  
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Non-polar amino acids (hydrophobic) 

Amino acid Three letter code Single letter code 

Glycine Gly G 

Alanine Ala A 

Valine Val V 

Leucine Leu L 

Isoleucine Ile I 

Methionine Met M 

Phenylalanine Phe F 

Tryptophan Trp W 

Proline Pro P 

Polar (hydrophilic) 

Serine Ser S 

Threonine Thr T 

Cysteine Cys C 

Tyrosine Tyr Y 

Asparagine Asn N 

Glutamine Gln Q 

Electrically charged (negative) 

Aspartic acid Asp D 

Glutamic acid Glu E 

Electrically charged (positive) 

Lysine Lys K 

Arginine Arg R 

Histidine His H 

    

Table 1. The list of amino acids, symbols, and their abbreviations (reproduced from [21]) 
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2.2.5.2 Hydrophobic residues 

 The hydrophobicity is defined as the physical property of a molecule which is repelled 

from water and tends to be non-polar.  There are nine amino acids that have hydrophobic side 

chains such as alanine (Ala), glycine (Gly), isoleucine (Ile), leucine (Leu), methionine (Met), 

tryptophan (Trp), proline (Pro), phenylalanine (Phe), and valine (Val). For example, the alkanes, 

oils, fats, and greasy substances are considered as hydrophobic molecules [23].  

2.2.5.3 Asparagine 

This thesis concerns itself with glycosylation of asparagine amino acid residues. This amino acid 

has carboxamide as the side-chain's functional group. It often forms hydrogen bond with the 

peptide backbone and, therefore, we can often find asparagines at the beginning and end of 

alpha-helices [22]. The structure of asparagine is shown in Figure 10 .    

   

 

Figure 10. The structure of asparagines amino acid (reproduced from [24]) 
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2.2.6 Glycosylation as a PTM 

 Glycosylation is form of a protein PTM by which an enzymatic process attaches glycans 

(oligosaccharides) to nitrogen or oxygen atoms within specific types of amino acids in proteins. 

Glycosylation serves a variety of roles in cells. For example, glycosylation can extend the 

functional half-life of proteins and also affects protein folding [4]. Glycosylation is also required 

in cell-to-cell adhesion that identifies particular carbohydrate moieties. There are five types of 

glycosylation: N-glycosylation, O-glycosylation, C-mannosylation, phospho-serine 

glycosylation, and formation of GPI anchors (glypitation), but the two main classes of these 

protein glycan linkages are: N- linked glycans that is linked to a nitrogen of asparagines and O- 

linked glycans which is attached to the hydroxyl oxygen of Ser/Thr/Tyr [4]. In this project, we 

only focus on N-glycosylation in plants. 

 N-linked glycan biosynthesis begins at the cytosolic face of the endoplasmic reticulum 

(ER) where the two N-acetylglucosamine and five mannose residues are added onto a dolichol 

carrier [4]. The intermediate dolichol-linked oligosaccharide then is transferred to the luminal 

face of the ER. In a subsequent reaction, four more mannoses and three glucose residues are 

transferred to the growing oligosaccharide. The carrier is flipped back to the cytosolic face of the 

ER [4]. Finally, the oligosaccharide precursor, Glc3Man9GlcNAc2, is transferred from the 

dolichol to an  asparagine (ASN) residue on the nascent polypeptide [4]. The asparagine residue 

must be in a sequence N-X-S/T where N denotes an asparagine residue, X denotes any residue 

except for proline or aspartic acid, and S/T denotes either a serine or threonine residue. The 

transfer process occurred by the oligosaccharyltransferase (OST) complex which is a large 

enzymatic complex in the ER membrane. After transferring the oligosaccharide precursor to the 
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protein backbone, further processing continues in the ER and the Golgi. Ultimately, there are 

three types of  N-glycan, including  the high-mannose (Man5-9GlcNAc2) type, the complex type 

that begins with addition of a GlcNAc residue to the Man5-9GlcNAc2, and a hybrid type  

that contains features of both high-mannose and complex-type oligosaccharides [25].  

The glycosylation process illustrated in Figure 11 and Figure 12(they reproduced from [4] and 

[25]). Figure 11 illustrates the structure of the major types of asparagine-linked oligosaccharides 

[25]. Figure 12 illustrates the entire glycosylation process in Arabidopsis thaliana (a plant). 

 

Figure 11. Structure of the main types of asparagine-linked oligosaccharides (reproduced from [5]) 

There are several limitations when applying in silico predictions to in vivo conditions. 

Proteins lacking a signal peptide (a short motif associated with proteins directed to the ER 

subcellular component) may not be exposed to the "N-glycosylation machinery" and are 

therefore unlikely to be glycosylated in vivo [26]. In addition, it has been observed that only 66% 

of potential glycosylation sites on secreted proteins are actually glycosylated [4]. Henquet [4] 

discusses several factors that may influence whether a glycosylation site is actually glycosylated, 

including the relative position of the glycosylation site within the protein sequence, the identity 
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of the amino acids around the glycosylation site,  the rate at which the protein folds, and the 

availability of the saccharides that make up the glycan [4]. 

 

Figure 12. N-glycosylation pathway in Arabidopsis thaliana (reproduced from [4])  

 

 Mass spectrometry (MS) is an experimental approach used to identify glycosylation 

events on proteins [3]. The added glycan causes a shift in mass-to-charge ratio of the peptide 

which is detectable using MS [3]. Databases of experimentally confirmed glycosylation sites are 

available, including dbPTM [27] which is used in this thesis. However, experimental 

determination of glycosylation via MS is a difficult task, resulting in only 113 plant and 1118 

human protein targets with known N-linked glycosylation in dbPTM. Therefore, in this project, 

we need computational prediction tools to classify our glycosylated protein targets for 

experimental validation.  
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2.2.7 Protein databases 

Thanks to large scale DNA and protein sequencing studies, there are a number of publicly 

available protein sequence databases. These include the NCBI non-redundant (nr) database, the 

human-expert-curated SwissProt (now part of UniProt) database with many functional 

annotations added, and many others. The UniProt and SwissProt sequence databases are used in 

this thesis [28]. There are also repositories of experimentally determined protein 3D structures, 

the largest of which is the Protein Data Bank (PDB). The protein Data Bank was introduced in 

1971 as a "grassroots effort". It has been developed from a small archive with a dozen structures 

to a resource with over 40,000 entries for structural biology [29].  

2.2.8 Sequence conservation 

 It is assumed that all protein sequences may have been evolved from common ancestors. 

Residues within a protein that are functionally important will be conserved over time, so as to 

preserve the function. Therefore, it is worth to examine the patterns of sequence conservation in 

protein for identifying their putative functional positions. Thus, PSI-BLAST is a program to 

generate a position specific scoring matrix (PSSM) [30]. In this method, we input a query 

sequence to perform a search against the SWISS-PROT sequence database. It then produces the 

highest scoring hits from multiple sequence alignments based on Blosum62 substitution matrix 

[31]. The PSSM results from calculating position-specific scores for each position from the 

multiple sequence alignment of the target protein [32]. PSI-BLAST repeats the search and update 

strategy three times, thereby the search results further refine the PSSM. The scores reflect the 
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log-odds frequency of observing each type of amino acid at each position of the multiple 

sequence alignment [32]. High scores represent highly conserved positions, and low scores show 

the weakly conserved positions [31]. The PSI-BLAST program is freely available at 

http://www.ncbi.nlm.nih.gov/BLAST/ and comes with command-line tools for Linux and MS 

Windows.  

2.2.9 Predicting Secondary structure 

PSIPRED (PSI-BLAST-based secondary structure prediction) is one of  the methods can 

distinguish between alpha-helices, beta-strands, and non-regular structural elements from 

primary sequence data [33]. This method has been developed for predicting structural 

information of a protein from its amino acid sequence. PSIPRED consists of two feed-forward 

neural networks that perform an analysis on the output of PSI-BLAST. A stringent cross 

validation technique is used to evaluate the performance of PSIPRED, resulting in an accuracy of 

76.5% [33]. In this method, PSI-BLAST is used to create a position-specific scoring matrix. An 

example of the output for this prediction tool is shown in Figure 13 for Methylglyoxal synthase 

(CASP3 target 'T0081') in graphical form. In this figure, the arrows indicate beta-strands, 

cylinders indicate alpha-helices, and solid lines indicate coil (or turn) regions. A bar chart 

represents the confidence level of each prediction.   This program is freely available to users at: 

http://bioinfadmin.cs.ucl.ac.uk/downloads/psipred/ 

http://www.ncbi.nlm.nih.gov/BLAST/
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Figure 13: PSIPRED prediction output (reproduced from  [33]) 

2.2.10 Surface accessibility 

The surface accessibility is the surface area of a biomolecule which is accessible to the solvent. It 

is calculated in units of square angstroms [34], [35]. It was first introduced by Lee and Richards 

in 1971, and is also called "Lee-Richards molecular surface"[34], [35].  In addition, the "rolling 

ball" algorithm is determined to measure the solvent-accessible surface area, whereby an 

algorithm can probe the surface of the molecule by using a sphere in a particular radius. The use 

of these surfaces are important in drug designs and docking problems [36]. Figure 14 shows the 

solvent accessible surface and the "van der Waals surface”, which is in red color with atomic 
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radii. The accessible surface is shown in dashed lines that is created from tracing the center of a 

virtual spherical probe (in blue), as it rolls along the "van der Waals" surface [34]. 

 

Figure 14: The solvent accessible surface area (reproduced from [34]) 

  

 Since the surface of a protein is in contact with the surrounding solvent, determining 

surface accessibility is one of the most important properties of amino acids residues in protein. 

Therefore, this quantity is often used as input feature data for the prediction of PTMs, active 

sites, and antibody epitopes [37]. There are several tools available to predict protein solvent 

accessibility from primary sequence. RVP-Net is used in this thesis to predict solvent 

accessibility to form part of our input feature data [37]. This method uses a neural network 

algorithm and a local executable file was obtained from the authors of RVP-Net since the web 

interface limits the size of proteins which can be analyzed.   
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2.3 Existing computational tools for predicting PTM sites 

 There are many computational tools available for predicting PTM sites in proteins. One 

of the most widely used tools is the AutoMotif Server which identifies a number of different 

types of post-translational modification (PTM) sites, including protein phosphorylation, 

sulfation, methylation, amidation, etc [38]. The AutoMotif server bases its predictions only on 

local sequence information, known as linear functional motifs (LFMs), surrounding each 

putative site of PTM within a protein [38]. Automotif includes ten support vector machine 

(SVM) classifiers for each type of PTM, trained on short segments (9 amino acids long) from 

proteins of the Swiss-Prot protein sequence database (release 11). There are two datasets used to 

train the SVM classifiers: an annotated positive dataset, which includes 9 amino-acid long 

sequence fragments surrounding experimentally verified PTM sites, and a non-annotated 

negative dataset. When a query protein is submitted to AutoMotif, in addition to applying the 

SVM models to each 9aa sequence windows, the windows are also compared with all stored 

windows from the positive training set. Any identical matches from this latter approach are also 

reported. Also, context-based rules and logical filters are used in this tool to increase the 

efficiency of prediction. The accuracy of this method was estimated based on the 10-fold cross 

validation procedure resulting in a recall of 30% and a precision of 70% over all 88 types of 

PTM that AutoMotif predicts [38].  

Other examples of PTM prediction tools include the Sulfinator tool (based on Hidden 

Markov model) for predicting tyrosine Sulfation sites in protein sequences [39] and the NetPhos 

server [40] which predicts phosphorylation based on neural networks. 
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2.4 Existing tools for prediction of glycosylation sites 

 Glycosylation is a specific form of PTM. It is important since it is one of the most 

abundant post-translational modifications that affects protein properties in a living cell. 

Following a detailed literature review, seven existing computational tools for predicting of N-

linked and O-linked glycosylation sites were identified including GPP [41], Glycopp [42], 

NetNGlyco/NetOGlyco [26], EnsembleGly [12], ScanSite [43], NGlycPred, and N-GlycoSite 

[44]. These tools are described in the following sections.  Note that many of these papers discuss 

overall accuracy (correct classification rate) and MCC which are sensitive to class imbalance. 

Since we do not have any control over the class imbalance used in their original test sets and 

sometimes is not clear what prevalence they used, therefore, in the present study, we only report 

sensitivity and specificity for each method. Furthermore, we compute the prevalence-corrected 

precision for each method, based on an estimated prevalence of 10% (i.e. there are 10x as many 

negatives as positives).  

2.4.1 N-GlycoSite and ScanSite 

The N-GlycoSite [44] and ScanSite [43] tools simply examine all asparagines in the input 

sequence for the presence of the N-X-S/T sequence motif. Additionally, N-GlycoSite will also 

accept a multiple sequence alignment and compute the proportion of sequences within the 

alignment that exhibit the motif at each position [44]. As shown in Figure 15, the output of the 

N-GlycoSite tool provides the number of sequons in each protein alignment, shows N-linked 

glycosylation sites which are highlighted in red, shows the position of each glycosylation sites, 

depicts  the window size that can be specified by a user, and the name of the protein [44].  
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Figure 15.  A portion of N_GlycoSite output showing a multiple sequence alignment ( Reproduced from [44])   

2.4.2 GlycoPP 

 Ghauhan et al have developed a tool for the prediction of N-linked and O-linked 

glycosylation in prokaryotes [42]. This method employs SVM classifiers using a number of 

sequence-derived input features including BPP (binary profile of patterns), CPP (composition 

profile of patterns), and PSSM (position-specific scoring matrix profile of patterns) [42]. The 

positive training data consist of 107 N-linked and 116 O-linked glycosylated sites (glycosites) on 

proteins which are extracted from 59 experimentally confirmed glycoproteins of prokaryotes 

from the ProGlycProt database [45]. In this dataset, there are confirmed N- and O-glycosites only 

from the Archaea and Bacteria domains [42]. From these data, the authors created two datasets 

for training and testing SVM classifiers: a balanced dataset that includes all positive training 

datasets and an equal number of randomly selected negative training data, and a realistic dataset 

which is selected from all positive glycosylated sites and non-negative glycosylated sites from 

glycoprotein sequences [42]. The former dataset was used to train models, while the latter dataset 

was used to test the models, since it accounts for the expected class imbalance in the proteome 

(i.e. there are expected to be many more negative sites than positives glycosites). The authors 

also used an independent dataset as a final test dataset. It was used to estimate the performance 

of the predictors developed using the balanced and realistic datasets. This experimentally-
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confirmed dataset included 10 N-linked and 17 O-linked glycoproteins which included 19 N-

glycosites and 61 O-glycosites [42].   

SVM classifiers were trained and tested using a 5-fold cross-validation procedure [42]. The 

predictive performance of the SVM models were evaluated using sensitivity, specificity, 

accuracy, and Matthews correlation coefficient (MCC) [42]. Both secondary structure and 

solvent accessibility were used as input feature data for the SVM classifiers (predictors). 

PSIPRED was used to compute the secondary structure (SS) information from glycosylated sites. 

SApred (www.imtech.res.in/raghava/sarpred/) was used to compute the accessible surface 

accessibility (ASA) information. Additionally, three types of profiles were used as input feature 

data: BPP (Binary profile of patterns), CPP (composition profile of pattern), and PPP (PSSM 

profile of pattern). The BPP represents each amino acid by a unique 20-bit pattern, where only a 

single bit is non-zero. Table 2 shows the classification performance for a variety of feature 

combinations.  

Columns 1-3 of this table come from [42]. It shows the performance of SVM classifiers based on 

BPP, CPP and PPP profiles. It also represents the results of SVM on various combinations of 

these features using the balanced dataset [42]. In this figure, CPP stands for composition profile 

of patterns, PPP (PSSM profile of patterns). It also illustrates that the combination result of BPP 

with ASA feature set has higher performance values than the other feature sets assessed in this 

method. This feature set predicted the highest sensitivity of 84.11%, specificity of 81.31%, and 

the accuracy of 82.71%  for the prediction of N-linked glycosylation  [42]. In column 4 of this 

table, we also calculated the prevalence-corrected precision based on the sensitivity and 

specificity assuming a prevalence r=10%.  

http://www.imtech.res.in/raghava/sarpred/
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 GlycoPP is implemented in a publicly available web server at 

http:/www.imtech.res.in/raghava/glycopp/ [42]. 

 

Feature Sensitivity 

(%) 

Specificity 

(%) 

Precision (%) 

CPP 59.81 64.49 14.42 

CPP+SS 63.55 69.16 17.09 

CPP+ASA 71.03 69.16 18.72 

CPP+SS+ASA 70.09 67.29 17.65 

BPP 79.44 80.37 28.81 

BPP+SS 82.24 80.37 29.53 

BPP+ASA 84.11 81.31 31.04 

BPP+SS+ASA 84.11 80.37 30.00 

PPP 76.42 69.81 20.20 

PPP+SS 75.70 71.03 20.72 

PPP+ASA 77.57 71.03 21.12 

PPP+SS+ASA 75.70 71.96 21.26 

 

 Table 2. GlycoPP performance based on BPP, CPP and PPP profiles 

2.4.3 NetNGlyco v1.0  

Considering that not all asparagines that fall within the canonical N-X-S/T sequence 

motif are truly glycosylated, NetNGlyco uses an artificial neural network, trained on human 

target protein sequences, for predicting whether an asparagine falling within a motif is 

glycosylated or not [26]. According to independent evaluation  [41], this method achieved a 

http://www.plosone.org/www.imtech.res.in/raghava/glycopp/
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recall of 43.9% with 95.7% specificity. At a prevalence of 10%, this corresponds to a 

prevalence-corrected precision of 50.52%. The output format of this prediction tool for one input 

sequence is shown in Figure 16. The graph represents predicted N-glyc sites along the protein 

chain. The length from N- to C- terminal is illustrated by the x-axix. The horizontal decision 

threshold line is shown at 0.5 in this Graph. The prediction of glycosylation is shown by the 

vertical lines that cross the threshold [26]. The dotted horizontal lines represent additional 

decision thresholds. 

2.4.4 EnsembleGly 

 EnsembleGly prediction server has been developed by Caragea and al [12]. It is able to 

predict both O-linked and N-linked glycosylation sites based on a collection of SVM classifiers. 

In this method, each SVM is trained on a balanced "subsample" of the training data and the final 

prediction is based on voting among the individual SVM classifiers [12]. In an independent 

evaluation of N-linked glycosylation prediction, EnsembleGly achieved a sensitivity of 98.0% 

with a precision of 77.0% by using a balanced dataset. The authors did not measure or report 

specificity. This tool was trained on human proteins. 

2.4.1 GPP 

 Hamby and  Hirst have developed the GPP (glycosylation prediction program) tool to 

predict glycosylation sites [41]. In this method, a random forest algorithm and pairwise patterns 

are used to predict glycosylation sites. The random forest was developed by Leo Breiman [46]. It 

is an ensemble learning method for creating classification or regression trees that works by 

constructing a number of decision trees using random feature selection in this process. In this 
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method, each tree produces a classification and votes for a class. The prediction is then made 

based on the forest which chooses majority vote for classification or averaging for regression.  

 GPP uses a trepan algorithm to interpret the trained decision forests to extract simple 

classification rules  [41]. Training and testing data for developing GPP are collected from the 

OGLYCBASE 6.00 database which includes both experimentally verified and putative instances 

of N-linked, O-linked, and C-linked glycosylation sites. OGLYCBASE database contains 242 

protein sequences with 2413 verified glycosylation sites. Here, the O-unique subset containing 

non-redundant mammalian proteins is used for training and evaluation of GPP with ten-fold 

cross-validation [41]. The prediction is only based on the glycosylation sites that are 

experimentally verified. After removing the duplicate sequence windows from this database, 

3508 instances remained with 261 positives and 3247 negatives [41]. The sequence window size 

was set to 15 (+/- 7 AAs from central N). Derived features include predicted secondary structure 

(calculated using the PSIPred [33] program), predicted surface accessibility (calculated using the 

SABLE program [47]), and “pairwise” sequence patterns which refer to the presence of specific 

amino acids at specific positions within the sequence window. A pattern weight is computed for 

each pattern which represents the proportion of positive training windows having this pattern 

divided by the proportion of negative windows having that pattern. For example, if we have a 

pattern x, then the pattern weight wx is measured as Fm / Fn . Here, Fm  stands for frequency of 

modified sequence windows and Fn stands for frequency of unmodified windows in which the 

pattern x occurs [41].  
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Figure 16: The  NetNGlyco v1.0 web server (reproduced from [26]) 
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Performance results are shown in Table 3. As can be seen, the prediction by random 

forest is better than naïve Bayes algorithms. Here, we calculate the prevalence-corrected 

precision by using reported sensitivity and specificity, and assuming a prevalence of r=10%.   

 Random Forest Naïve Bayes 

Feature Set Sensitivity Specificity Precision Sensitivity Specificity Precision 

Asn 

(patterns) 

96.6% 91.8% 54.1% 83.8% 94.6% 60.8% 

Asn+SA 95.7% 94.3% 62.7% 81.9% 94.5% 59.8% 

Asn+Hydro 95.2% 91.9% 54.0% 82.5% 94.8% 61.3% 

Asn+SS 96.4% 92.4% 55.9% 79.8% 94.8% 60.5% 

 

Table 3.  GPP Random forest and naïve Bayes algorithms (adapted from [41]) 

 Furthermore, Hamby and Hirst provide a comparison between the GPP prediction tool 

and other prediction tools on the ASN dataset including NetNglyc, EnsembleGly, and Scan site 

[41].  All the results are depicted in Table 4 which shows a comparison between the GPP 

prediction tool and other glycosylation programs. In this table, GPP has higher sensitivity and 

prevalence-corrected precision than the other methods except for EnsembleGly. However, a 

direct comparison with this method is not possible since, as mentioned above, their specificity is 

unknown. These results indicate that GPP is more accurate than the other prediction tools [41] 

and is therefore used as a benchmark for comparison in this thesis. The GPP prediction tool is 

available online at http://comp.chem.notthingham.ac.uk/glyco. 
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Data sets GPP NetNglyc EnsembleGly Scan Site 

Asn Sensitivity 96.6% 43.9% 98.0% 72.7% 

Asn Specificity 91.8% 95.7% NA 81.9% 

Prevalence-corrected precision 54.09% 50.52% NA 28.66% 

 

Table 4.  GPP prediction tool in comparison to other glycosylation programs (adapted from [41]) 
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3 MATERIALS AND METHODS  

3.1 Outline  

An overview of the procedures used in this research to develop a computational prediction tool 

shown in Figure 17. The first step is to collect the protein targets and form the training datasets. 

The second step is to calculate predicted surface accessibility, secondary structure, binary profile 

pattern, and local sequence conservation information on each protein target. The third step is to 

train an SVM based on the inputs of the four features. The fourth step is to estimate the 

classification accuracy in order to get the best classifier. The last step is to develop a web server 

for this prediction tool and make it available for all researchers. 

 

 

 

 

 

 

 

 

 

 

 

Figure 17.  Steps in developing a tool for the prediction of asparagine N-Linked Glycosylation sites 
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3.2 Data collection and storage   

3.2.1 Positive and negative data sets 

 In the present study, we only focused on human and plant proteins for training the SVM. 

We used the dbPTM database [27] to identify the protein targets with known N-Linked 

glycosylation sites, which is an informative resource for investigating substrate site specificity 

and functional association of protein post-translational modifications at 

http://dbptm.mbc.nctu.edu.tw/download.php accessed in June of 2013. The dbPTM database 

listed 113 experimentally-confirmed plant protein targets with 233 asparagine N-Linked 

glycosylation sites, and 1118 experimentally-confirmed human protein targets with 2876 

asparagine N-Linked glycosylation sites. I was able to retrieve the selected protein sequences for 

these target proteins from the UniProt sequence database [28]. In addition, we need both positive 

and negative data for an SVM, in order to build a classifier that will discriminate between them. 

Here, the positive data are all the asparagine residues that are experimentally confirmed to be 

glycosylated on target proteins, while the negative sites are taken to be all the remaining 

asparagine residues within the same 113 glycosylated target plant proteins and 1118 target 

human proteins. For the latter case, we cannot be certain that all non-validated asparagines are 

indeed true negative sites, however, this approach has been used in previous successful methods 

(e.g. GPP [41]). These steps resulted in 2085 non-glycosylated site in total for plant and 29301 

for human. A portion of the database table used to store the positive and negative site 

information is illustrated in Table 5.  
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Plant 

Id Position Positive_Or_Negative Resource 

P13689 133 + dbPTM 

P11140 361 + dbPTM 

P11140 401 + dbPTM 

P06750 397 + dbPTM 

P13689 44 - dbPTM 

P13689 73 - dbPTM 

P43238 257 - dbPTM 

P43238 276 - dbPTM 

 

Human 

Id Position Positive_Or_Negative Resource 

P30443 110 + dbPTM 

P01892 110 + dbPTM 

P04439 110 + dbPTM 

P05534 110 + dbPTM 

P30443 90 - dbPTM 

P30443 101 - dbPTM 

P30443 151 - dbPTM 

P01892 198 - dbPTM 

 
Table 5.  A portion of the database that contains the positive and negative data information for each asparagine residue in 

a target protein sequence 

3.2.2 Local database 

 In this project, we used MySQL to create a local database and store all the information 

for analysis. Programs were written in SQL, PHP, and Perl to parse and insert all information 

into this database. I created a table to store all plant protein sequences data and another table to 

keep all human protein sequences data. A number of tables were also created to store information 

for surface accessibility, secondary structure, and sequence conservation in our local database. 
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3.3 Feature extraction for target proteins  

In this research, we represent each plant and human target protein by their surface 

accessibility, secondary structure, binary profile pattern, and pattern of sequence conservation 

(PSSM). These four features are used as input data to train an SVM glycosylation prediction 

tool. Each feature is defined below. 

3.3.1 Patterns of sequence conservation  

 In this project, PSI-Blast [32] is used to compute the sequence conservation pattern 

information for all proteins in the plant and human dataset. Scripts were written in PERL and 

PHP to automate the application of PSI-Blast to all plant and human proteins in the dataset, as 

well as to parse the resulting PSSM files to populate structured database tables. For each 

sequence, each amino acid is represented by 20 numbers, which are substitution scores of 

similarity between the observed amino acid at the particular position and all 20 possible amino 

acid. Table 6 contains a portion of the PSSM information for one protein sequence (P13689.1) 

from our local database. The more positive score indicates more highly conserved the pattern; 

and the more negative the score shows the weakly conserved the pattern. 
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Table 6. A portion of the table that contains the PSSM information 

3.3.2 Surface accessibility  

 

  Ahmad and al have developed the RVP-Net tool for the prediction of protein 

surface accessibility [37]. This method is based on a neural network computation model that 

predicts solvent accessibility value from sequence information of each protein target [37]. The 

RVP-Net software is freely available, and was downloaded from www.netasa.org/rvp-net/.  

In this thesis, I was able to run this program locally to get the surface accessibility of each 

residue of each protein target, and saved the output information in the local database created for 

http://www.netasa.org/rvp-net/
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this project. Table 7 below shows the portion of the database table that contain surface 

accessibility information from the local database for both plant and human. 

Sp_num Res_position Res SA_percentage Category 

P13689 1 M 12.62 B 

P13689 2 A 13.30 B 

P13689 3 P 41.60 E 

P13689 4 D 53.97 E 

P13689 5 L 4.11 B 

P13689 6 S 37.63 E 

P13689 7 E 50.12 E 

P13689 8 L 3.36 B 

P13689 9 A 7.33 B 

P13689 10 A 15.40 B 

P13689 11 A 7.63 B 

P13689 12 A 9.27 B 

P13689 13 A 7.93 B 

P13689 14 A 13.00 B 

P13689 15 R 26.08 E 

 

Table 7. A portion of the table that contains the surface accessibility information (SA) 

 In this table, we have an excerpt from the database table containing solvent accessibility for one 

target protein. The 'sp_num' column shows the reference sequence number of the plant and 

human protein. The real-valued estimate of surface accessibility of each amino acid is described 

in 'SA_percentage' column. The 'Category' column includes E stands for exposed and B stands 

for buried. However, the 'category' column is not used in the final design of the SVM prediction 

tool because the SA_percantage value has all the necessary information.   
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3.3.3 Secondary structure 

 For this study, the PSIPRED [33] method was used to predict secondary structure. It is 

based on a neural network that executes on the output from PSI-Blast(Position-Specific Iterative 

Basic Local Alignment Search Tool ) [32]. PSIPRED has been estimated to have a 3-state (helix, 

strand, coil) accuracy of 76.5% which makes it one of the most accurate predictors of secondary 

structure [33]. Furthermore, a binary executable is freely available for Linux. In this study, PHP 

and Perl programs were written to automate its application to all proteins and to parse the output 

files to populate a database table. A portion of this table that contains the secondary structure 

information is illustrated in the Table 8. 

 

Table 8.   A portion of the table that contains the secondary structure information (SS) 
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This table shows a part of the secondary structure information for a protein target sequence from 

our local database. In this table, C stands for Coil, E for Strand, and H for Helix. The EProb, 

TProb and HProb columns refer to the likelihood that the current residue falls in the E, C 

(equivalent to „T‟), or H structural classes respectively. Thus, EProb is for β-strand, TProb is for 

non-regular secondary structure, and HProb is for α-helix. For each residue, the structural class 

with the largest probability is listed in the structure column. 

3.3.4 Binary Profile Patterns 

The BPP feature was used as described in [42]. Here, each amino acid is represented by a unique 

20-bit (20 individual inputs) pattern. In each pattern, a single input is non-zero. For example, the 

amino acid Alanine (A) is represented as {1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0}. Due to its 

simplicity, rather than storing this feature in the database, it was computed using a PHP script for 

each sequence window on-the-fly as required. 

3.4 Pattern classification  

In this study, the freely available and widely used LIBSVM software library implementation of 

SVMs was used for training and evaluating all SVM models 

(http://www.csie.ntu.edu.tw/~cjlin/index.html) [48]. In this thesis, the RBF kernel is used, since 

it was shown to be useful in similar bioinformatics applications.  

3.4.1 Local sequence window  

 David W. Mount has described  a local sequence window as a subsequence of the protein 

with the positive and negative sites as the central amino acid [49]. As a result, the attributes of 

each residue with its neighboring amino acids are closely related to each other; therefore, it is 
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important to evaluate the properties of each amino acid and the effect of its surrounding residues 

[49]. In this project, the main goal is to classify patterns between positive and negative sites. We 

therefore need to analyze not only the potentially modified asparagine residue, but also the local 

sequence window surrounding the putative PTM site [49]. Moreover, we did not only look into 

the positive and negative site itself, but also considered the surface accessibility, secondary 

structure, and PSSM information of its local sequence window. The size of the sequence window 

is also important. A very large sequence window can lead to extreme increases in the 

dimensionality of the SVM input feature data, leading to unnecessary complexity of the SVM 

and decrease in the classification accuracy over new data. Conversely, a very small sequence 

window may not contain all the relevant information [49]. Consequently, previous studies have 

shown that a sequence window of 13-17 amino acids is ideal to classify patterns on the target 

sites (e.g. [49]). Here, we hypothesize that secondary structure may have an important role as an 

input feature in the prediction of glycosylation sites. Furthermore, it may be also important for 

considering the average length  of these structures [50]. Previous analysis has demonstrated 

typical lengths of 5 to 40 residues for α-helix and  5 to 10 residues for β-strand [50]; therefore, 

we wish to select a window size large enough to get a valid assessment of the most likely 

secondary structure state of the central amino acid. In the present study, we have used a sequence 

window length of 15 residues that contain the positive and negative site amino acid at the center. 

This leads to 15 input features relating to surface accessibility, 45 numeric inputs for secondary 

structure, and 300 numeric inputs for PSSM (20 inputs per amino acid times 15 amino acids), 

and 300 inputs for BPP (likewise, 20 inputs per amino acid). Thus, the total output result for all 

numeric inputs for each positive and negative site is 660 (however subsets of features are 

explored as discussed below). 
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3.4.2 Removing identical data points 

 In this research, we have 113 protein glycosylation targets with 233 positive sites and 

2085 negative sites or 2318 data points in total for plants. We have an additional 1118 

experimentally confirmed human protein targets with 2876 positive sites and 29301 negative 

sites or 32177 data points in total. To prevent the same input feature appearing in both the 

training and testing datasets for a SVM classifier, all windows resulting in identical feature 

vectors were removed. This was done separately for plant and human proteins. After removing 

the identical points, 218 unique positive and 1950 unique negative sites remained for plants. 

Likewise, 2835 unique positive and 28797 unique negative human sites remained. All these non-

identical data sets were used as our input data set for training and evaluating support vector 

machine classifiers. 

  Weiss and Kulikowski  have demonstrated that the reason why we have to remove the 

identical  data points is because of the difference between the "apparent error rate" and the "true 

error rate" [13]. The apparent error rate occurs when a trained classifier is applied to the same 

data that were used to train it, whereas the true error rate reflects the performance of a trained 

classifier when it is applied to new data that were not used to train it [13]. The apparent error rate 

is an optimistic estimator of the true error rate. If we do not remove the identical data, we risk 

using the apparent error rate instead of true error rate, leading to potentially optimistically biased 

estimates of prediction accuracy [13]. PHP scripts were written and executed to cull the duplicate 

sequences. 

 This set was further reduced by removing any sites that were too close to the protein start 

or end, such that it was not possible to extract a full window of 15 amino acid residues. For plant, 

90 sites were removed (2 positives, 88 negatives) resulting in 216 and 1862 positive and negative 
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sites respectively. Similar filtering of the human sites resulted in 216 and 1918 positive and 

negative sites. 

3.4.3 Using differential positive and negative misclassification cost ratios to address class 

imbalance 

As discussed above, the positive: negative class imbalance can have an effect on the classifier, 

biasing its decision boundary towards the dominant class. Therefore, we applied different SVM 

misclassification costs for each class using the “-w-1” and “-w1” LIBSVM parameters when 

training our classifier on all of the plant and human data. By setting the “-w1” weight to be 

higher than the “-w-1” weight, these parameters help the classifier to pay more attention to the 

positive (minority) class while avoiding resorting to random under-sampling which would see 

only a subset of negative data used for training the classifiers. Throughout the hyperparameter 

optimization experiments, the “-w-1” parameter was fixed at 1 while the “-w1” parameter was 

permitted to vary in the range {1,5,10}. 

3.4.4 Optimal parameter for support vector machine 

As discussed in Chapter 2, hyperparameter sweeping using cross-validation is required to 

optimize the SVM c, , and w-1 parameters. In this section, we describe how we selected our 

hyperparameters and what our optimization criterion is. A grid search was used to identify the 

optimal hyper-parameter values among a range of  155 2,...,2c ,  315 2,...,2 , and 

w1={1,5,10}. For each hyperparameter combination, 10-fold cross-validation testing was 

performed over the 2078 plant asparagines (216 N-linked glycosylation sites and 1862 non-

modified sites). Similar tests were run for human proteins. The accuracy of each classifier is here 
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measured using the minimum of sensitivity, specificity and precision. This was selected as an 

optimization criterion as we wished to achieve high recall and precision simultaneously (high 

specificity is guaranteed for any classifier with high precision in this case, but it was included in 

the criterion for completeness). In order to show the performance for each parameter set, we used 

heatmaps. Table 9 below illustrates such a heatmap for various values of the hyper-parameters c 

and , using a misclassification weight of w1=5 for the positive class. As can be seen, a wide 

range of hyperparameter values give near-optimal values, indicating that our classifiers are not 

overly sensitive to these parameters. Here the optimal hyperparameters appear to be c=2
3
 and 

=2
-7

. 

3.5 Developing a web server to predict novel glycosylation sites  

 In this thesis, we developed a web server based on the optimal classifier for predicting N-

linked glycosylation sites in plant proteins. The web server allows the user input an arbitrary 

protein sequence and it then returns the results showing if any N in the sequence is likely to be 

glycosylated. A combination of PHP, PERL, and HTML scripts were used to create the 

webserver. Care was taken to strip all HTML tags from input text (sequence, sequence name, 

etc) to avoid code injection attacks. Multi-threading is used such that features such as BPP, 

SA,SS, and PSSM  are computed from the input sequence simultaneously. Once all features are 

computed, a single merged feature file is created, scaled, and fed to the pre-trained SVM model 

(using the optimal parameter values described in section 4.2.1 below).  
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 -15 -14 -13 -12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 

-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.02 1.39 1.23 1.02 0.00 0.00 0.00 0.00 0.00 

-3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.32 1.49 1.64 1.60 1.08 1.02 0.00 0.00 0.00 0.00 

-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.40 1.60 1.65 1.65 1.65 1.47 0.94 1.00 0.00 0.00 0.00 

-1 0.00 0.00 0.00 0.00 0.00 0.00 1.41 1.64 1.65 1.65 1.65 1.67 1.40 0.97 1.01 0.00 0.00 0.00 

0 0.00 0.00 0.00 0.00 0.00 1.41 1.65 1.65 1.65 1.65 1.67 1.63 1.25 0.97 1.01 0.00 0.00 0.00 

1 0.00 0.00 0.00 0.00 1.41 1.65 1.65 1.65 1.65 1.67 1.68 1.58 1.25 0.97 1.01 0.00 0.00 0.00 

2 0.00 0.00 0.00 1.41 1.66 1.65 1.65 1.65 1.68 1.69 1.60 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

3 0.00 0.00 1.41 1.65 1.65 1.65 1.65 1.68 1.70 1.61 1.60 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

4 0.00 1.41 1.65 1.65 1.65 1.65 1.68 1.69 1.64 1.58 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

5 1.41 1.65 1.65 1.65 1.65 1.68 1.69 1.66 1.60 1.58 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

6 1.65 1.65 1.65 1.65 1.68 1.68 1.67 1.56 1.58 1.60 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

7 1.65 1.65 1.65 1.68 1.67 1.67 1.58 1.56 1.58 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

8 1.65 1.65 1.68 1.67 1.67 1.59 1.53 1.55 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

9 1.65 1.68 1.67 1.67 1.60 1.52 1.53 1.53 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

10 1.68 1.67 1.67 1.60 1.52 1.50 1.53 1.51 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

11 1.67 1.67 1.60 1.52 1.48 1.50 1.51 1.51 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

12 1.67 1.60 1.52 1.47 1.46 1.49 1.51 1.51 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

13 1.60 1.52 1.44 1.46 1.46 1.49 1.51 1.51 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

14 1.52 1.44 1.45 1.44 1.46 1.49 1.51 1.51 1.57 1.59 1.56 1.57 1.23 0.97 1.01 0.00 0.00 0.00 

 

Table 9. The cross-validation results for support vector machine (SVM) over plant asparagines using the feature set BPP, 

and SA. 
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4 RESULTS 

The overview of result is discussed in three stages as follow: 1) Characterization of known 

asparagine N-Linked Glycosylation sites, 2) pattern classification, and 3) the glycosylation 

prediction web server.  

4.1 Characterization of known N-Linked Glycosylation sites 

4.1.1 Surface accessibility information on the plant/human positive and negative sites 

 In this study, we predicted the surface accessibility of all 218 plant positive sites by using 

RVP-Net tool [37]. As shown in Figure 18, 39.4% of the amino acid residues are buried and 

60.5% of them are exposed. It was expected that most glycosylation sites would be on the 

protein‟s surface. The fact that nearly 40% of known glycosylation sites are buried within the 

fold protein structure indicates that it is still possible to modify it by an external enzyme. We also 

determined the surface accessibility for windows around all 1950 negative sites with RVP-Net. 

The result came out with 38.9% for the buried amino acid residues and 61% for exposed amino 

acid residues. The fact that glycosylated and non-glycosylated asparagine residues are equally 

likely to be exposed appears to indicate that solvent accessibility will not be a particularly 

powerful feature. Since asparagine has a relatively hydrophilic nature, the positive and negative 

results are very close to each other. It means, not only  the glycosylated residues at the center but 

also their surrounding area are located in surface exposed and are highly accessible  [51]. Here, 

we also predicted the surface accessibility of all 2835 positive sites and 28797 negative sites 

among the human target proteins by using RVP-Net tool [37]. Nearly identical results were 

observed for human and plant proteins. 
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Figure 18.  Predicted surface accessibility of all positive and negative sites 

4.1.2 Secondary structure information on the plant/human positive and negative sites  

The secondary structure of all 218  plants positive sites were computed using PSIPRED [33]. 

Our result shows that most glycosylated sites were located in coil (63.8%), while 22.5% of the 

sites occurred in strand "E", and the remaining sites (13.6%) were located in helix . Similar 

analysis for negative sites found nearly identical distributions with 62.4% of all negative sites 

were located in coil, 23.9% in strand "E", and the remaining in helix (13.6%). Secondary 

structure was also predicted for all 2835  human positive sites and 28797 human negative sites 

[33]. The results were similar to plant, but the distribution between helix and strand differed 

more strongly between glycosylated and non-glycosylated human sites. All results are illustrated 

in the Figure 19.  Based on these results, we no longer believe that secondary structure will be a 

valuable input feature for the prediction of N-glycosylation in plant proteins.  
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Figure 19.  Predicted secondary structure on all positive and negative sites by using PSIPRED 

4.1.3 Sequence conservation information for the plant positive/negative sites  

In this section, we investigate the sequence conservation around plant positive and negative sites 

using three approaches: 1) Web-Logo, 2) frequency tables, and 3) PSSMs. In the first approach, 

the Web-Logo tool, available at http://weblogo.berkeley.edu/logo.cgi, was used to illustrate the 

pattern of the sequence conservation among the local sequence windows of the 218 plant positive 

sites and 1950 negative sites. Results are illustrated in Figure 20. All these sites are aligned to 

show the pattern. The sequence window size is 15, as shown in X-axis. The Y-axis shows the 

frequency of the amino acid at each position within the window. The size of each letter 

represents the frequency of that amino acid at that position. Furthermore, in positions with 

multiple amino acids having non-zero frequencies, amino acids are sorted by frequency, with the 

most frequent residue appearing above the less frequent ones. In the glycosylation Web-Logo, 
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the most conserved patterns include the obligatory N at position 8, followed by S and T at 

position 10. As previously discussed, the N-linked glycosylation occurs on the amide group of 

asparagine which falls within a three amino acid motif: NXS/T (X≠P (proline)). This motif is 

visible in the “Glycosylated” portion of  Figure 20 where we have an N at position 8, and T or S 

at position 10. In contrast, in non-glycosylated sequences, the position 10 has lower frequencies 

of residues S and T, but has a higher frequency of leucine (L).   

Glycosylated 

 

Non-glycosylated 

 

Figure 20. The conservation pattern of sequence windows for all plant positive and negative sites 
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The Web-Logo tool produces sequence logos that provide a visual depiction of sequence 

conservation. But, this method is not useable as input to the SVM prediction tool because the 

SVM only accepts the numeric input. However, we are able to compute PSSM data for each 

sequence by using PSI-BLAST that generates numeric sequence conservation for training the 

SVM. Another weakness of the Web-Logo output is that positions that are weakly conserved are 

difficult to interpret visually as all 20 amino acids appear with non-zero frequency (e.g. position 

1 of the Web-Logos above). Therefore, we wrote a script in PHP in order to compute the actual 

frequency information of all amino acids at all 15 positions. Below we present the frequencies of 

each amino acid at each position around the glycosylation and non-glycosylation sites in the 

Table 11. This table reports the frequency of the amino acid that is occurred in the set of 218 

plant N-linked glycosylated sites and 1950 non-glycosylated sites. The more frequent amino 

acids are signified in bold. The sequence window size is 15 as shown in X-axis. The 20 single 

naturally codes for amino acids are presented in the Y-axis. The glycosylated table shows that 

the letter N, T, and S are more frequent than the other window sites.  In the non-glycosylated 

table, the amino acids S and T at position 10 has a lower frequency in comparison to 

glycosylated sites. It‟s worth noting that all positive sites conform to the canonical sequence 

motif N-X-S/T. This is also true for human sites (see below). 
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 Plant – Glycosylated 

Position 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

A 0.079 0.051 0.042 0.069 0.032 0.079 0.042 0.00 0.106 0.000 0.093 0.069 0.051 0.065 0.102 

C 0.023 0.023 0.009 0.019 0.023 0.023 0.037 0.00 0.009 0.000 0.014 0.009 0.014 0.019 0.009 

D 0.046 0.046 0.014 0.046 0.06 0.032 0.06 0.00 0.032 0.000 0.088 0.037 0.056 0.074 0.06 

E 0.009 0.032 0.037 0.037 0.037 0.032 0.014 0.00 0.065 0.000 0.056 0.028 0.014 0.032 0.042 

F 0.042 0.088 0.065 0.079 0.051 0.069 0.088 0.00 0.079 0.000 0.032 0.051 0.06 0.056 0.028 

G 0.074 0.097 0.069 0.046 0.065 0.056 0.12 0.00 0.079 0.000 0.097 0.028 0.056 0.046 0.06 

H 0.019 0.023 0.023 0.005 0.014 0.019 0.005 0.00 0.019 0.000 0.019 0.037 0.023 0.014 0.009 

I 0.074 0.079 0.097 0.065 0.102 0.065 0.032 0.00 0.056 0.005 0.079 0.097 0.13 0.074 0.042 

K 0.032 0.06 0.037 0.023 0.051 0.074 0.046 0.00 0.046 0.005 0.032 0.051 0.06 0.032 0.046 

L 0.069 0.088 0.088 0.069 0.079 0.065 0.069 0.00 0.056 0.005 0.056 0.065 0.106 0.106 0.051 

M 0.037 0.014 0.028 0 0.005 0.019 0.014 0.00 0.023 0.000 0.009 0.019 0.023 0.000 0.019 

N 0.06 0.06 0.056 0.051 0.042 0.056 0.051 1.00 0.051 0.000 0.079 0.065 0.065 0.069 0.056 

P 0.069 0.051 0.037 0.074 0.069 0.083 0.074 0.00 0 0.000 0.009 0.088 0.037 0.069 0.046 

Q 0.051 0.046 0.037 0.051 0.065 0.028 0.042 0.00 0.019 0.000 0.028 0.06 0.023 0.028 0.051 

R 0.032 0.037 0.046 0.037 0.051 0.023 0.037 0.00 0.079 0.000 0.023 0.056 0.028 0.019 0.06 

S 0.083 0.042 0.097 0.065 0.074 0.056 0.088 0.00 0.088 0.333 0.13 0.069 0.065 0.083 0.097 

T 0.102 0.037 0.06 0.093 0.06 0.065 0.102 0.00 0.079 0.653 0.065 0.083 0.056 0.042 0.074 

V 0.046 0.056 0.051 0.083 0.051 0.056 0.028 0.00 0.088 0.000 0.046 0.042 0.097 0.12 0.051 

W 0.009 0.014 0.046 0.032 0.019 0.074 0.009 0.00 0.00 0.000 0.014 0.00 0.014 0.005 0.037 

Y 0.042 0.056 0.06 0.056 0.051 0.028 0.042 0.00 0.028 0.000 0.032 0.046 0.023 0.046 0.06 

 

 

Table 10.  The frequencies of amino acids surrounding glycosylated plant Asn residues 
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Plant - Non-glycosylation 

Position 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

A 0.067 0.068 0.073 0.047 0.062 0.049 0.067 0.000 0.057 0.071 0.055 0.074 0.065 0.067 0.068 

C 0.016 0.016 0.015 0.017 0.02 0.018 0.016 0.000 0.016 0.015 0.026 0.026 0.009 0.016 0.014 

D 0.037 0.047 0.045 0.062 0.053 0.069 0.051 0.000 0.043 0.057 0.057 0.042 0.057 0.047 0.048 

E 0.033 0.052 0.04 0.039 0.044 0.046 0.056 0.000 0.043 0.056 0.041 0.034 0.056 0.051 0.058 

F 0.06 0.067 0.06 0.055 0.065 0.057 0.052 0.000 0.039 0.037 0.056 0.048 0.052 0.041 0.047 

G 0.073 0.07 0.063 0.077 0.066 0.063 0.077 0.000 0.105 0.075 0.07 0.074 0.058 0.063 0.074 

H 0.016 0.026 0.018 0.018 0.015 0.019 0.015 0.000 0.02 0.02 0.018 0.021 0.021 0.021 0.016 

I 0.061 0.048 0.077 0.063 0.057 0.056 0.059 0.000 0.055 0.075 0.061 0.059 0.057 0.062 0.051 

K 0.05 0.045 0.05 0.052 0.053 0.052 0.057 0.000 0.048 0.064 0.047 0.05 0.056 0.057 0.056 

L 0.07 0.093 0.091 0.089 0.069 0.085 0.056 0.000 0.09 0.085 0.078 0.081 0.084 0.093 0.085 

M 0.014 0.012 0.022 0.015 0.013 0.011 0.012 0.000 0.011 0.014 0.011 0.015 0.017 0.017 0.015 

N 0.063 0.051 0.056 0.057 0.073 0.07 0.059 1.000 0.059 0.076 0.069 0.06 0.057 0.051 0.062 

P 0.053 0.036 0.038 0.053 0.047 0.046 0.073 0.000 0.07 0.056 0.064 0.052 0.063 0.053 0.053 

Q 0.054 0.037 0.034 0.038 0.035 0.048 0.05 0.000 0.044 0.041 0.035 0.035 0.035 0.037 0.03 

R 0.046 0.048 0.045 0.042 0.038 0.035 0.041 0.000 0.042 0.053 0.045 0.049 0.042 0.032 0.045 

S 0.081 0.083 0.079 0.071 0.071 0.083 0.088 0.000 0.081 0.032 0.069 0.081 0.077 0.082 0.078 

T 0.075 0.085 0.071 0.077 0.092 0.06 0.059 0.000 0.056 0.025 0.066 0.066 0.067 0.07 0.074 

V 0.08 0.064 0.068 0.075 0.075 0.076 0.052 0.000 0.069 0.08 0.071 0.074 0.074 0.085 0.066 

W 0.015 0.012 0.021 0.021 0.017 0.018 0.018 0.000 0.016 0.019 0.024 0.019 0.022 0.018 0.02 

Y 0.037 0.04 0.034 0.032 0.034 0.038 0.042 0.000 0.036 0.048 0.034 0.04 0.03 0.036 0.042 

 

Table 11.  The frequencies of amino acids surrounding non-glycosylated plant Asn residues 

4.1.4 Sequence conservation information on the human positive/negative sites  

 Here, we also reported the pattern of the sequence conservation among the local sequence 

windows of the 2835 human positive sites and 28797 negative sites by using the WebLogo tool 

and our PHP script for computing actual frequency information. The results are shown below in 
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Figure 21 and Table 13. Results are very similar to the analysis of sequence conservation in plant 

proteins.   

Human-Glycosylated 

Position 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

A 0.057 0.051 0.06 0.058 0.064 0.075 0.07 0.00 0.075 0.001 0.068 0.066 0.069 0.051 0.058 

C 0.029 0.022 0.02 0.031 0.022 0.017 0.023 0.00 0.038 0.004 0.033 0.025 0.033 0.021 0.035 

D 0.053 0.061 0.052 0.057 0.042 0.033 0.035 0.00 0.043 0.001 0.055 0.043 0.06 0.045 0.052 

E 0.064 0.052 0.06 0.071 0.066 0.043 0.054 0.00 0.047 0.003 0.071 0.057 0.075 0.065 0.059 

F 0.045 0.047 0.05 0.042 0.041 0.064 0.051 0.00 0.046 0.002 0.049 0.037 0.042 0.047 0.035 

G 0.066 0.061 0.061 0.061 0.064 0.065 0.081 0.00 0.09 0.002 0.054 0.051 0.055 0.064 0.073 

H 0.027 0.023 0.022 0.027 0.032 0.034 0.025 0.00 0.025 0.001 0.025 0.027 0.022 0.025 0.024 

I 0.049 0.048 0.053 0.048 0.048 0.051 0.049 0.00 0.077 0.001 0.05 0.063 0.05 0.058 0.042 

K 0.046 0.049 0.053 0.051 0.06 0.049 0.043 0.00 0.026 0.001 0.037 0.037 0.037 0.046 0.056 

L 0.1 0.107 0.109 0.098 0.106 0.101 0.11 0.00 0.109 0.003 0.114 0.103 0.092 0.099 0.094 

M 0.016 0.014 0.02 0.017 0.018 0.019 0.017 0.00 0.019 0.002 0.018 0.021 0.014 0.018 0.016 

N 0.049 0.043 0.041 0.042 0.043 0.04 0.031 1.00 0.029 0.002 0.038 0.04 0.043 0.049 0.049 

P 0.061 0.07 0.053 0.055 0.061 0.062 0.046 0.00 0.004 0.002 0.01 0.065 0.058 0.053 0.056 

Q 0.042 0.048 0.041 0.041 0.042 0.038 0.053 0.00 0.035 0.002 0.045 0.043 0.042 0.047 0.047 

R 0.058 0.047 0.049 0.049 0.048 0.046 0.047 0.00 0.035 0.002 0.048 0.048 0.048 0.055 0.051 

S 0.08 0.072 0.077 0.078 0.073 0.073 0.074 0.00 0.092 0.403 0.081 0.084 0.071 0.074 0.074 

T 0.055 0.058 0.059 0.062 0.049 0.057 0.054 0.00 0.064 0.563 0.055 0.066 0.051 0.06 0.068 

V 0.058 0.074 0.062 0.061 0.066 0.072 0.07 0.00 0.093 0.001 0.084 0.076 0.079 0.077 0.064 

W 0.014 0.019 0.017 0.018 0.015 0.018 0.019 0.00 0.014 0.001 0.027 0.014 0.019 0.016 0.012 

Y 0.031 0.036 0.04 0.033 0.039 0.042 0.05 0.00 0.042 0.001 0.037 0.033 0.039 0.03 0.036 

 

 

Table 12. The frequencies of amino acids surrounding glycosylated human Asn residues 
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 Human-Non-glycosylated 

Position 1 2 3 4 5 6 7 8 9 10 11 12 13 14 14 

A 0.06 0.057 0.06 0.054 0.06 0.061 0.051 0.00 0.057 0.055 0.057 0.057 0.057 0.057 0.06 

C 0.03 0.028 0.03 0.035 0.036 0.038 0.027 0.00 0.029 0.026 0.029 0.031 0.027 0.028 0.034 

D 0.05 0.053 0.051 0.057 0.051 0.054 0.051 0.00 0.044 0.052 0.047 0.047 0.053 0.052 0.054 

E 0.063 0.061 0.06 0.061 0.061 0.06 0.076 0.00 0.055 0.061 0.059 0.059 0.06 0.063 0.064 

F 0.042 0.046 0.046 0.044 0.046 0.047 0.039 0.00 0.043 0.044 0.045 0.044 0.045 0.044 0.044 

G 0.071 0.061 0.062 0.065 0.056 0.06 0.072 0.00 0.083 0.062 0.073 0.059 0.062 0.063 0.068 

H 0.027 0.024 0.024 0.024 0.023 0.025 0.026 0.00 0.022 0.025 0.025 0.025 0.024 0.023 0.026 

I 0.048 0.055 0.053 0.054 0.057 0.056 0.052 0.00 0.059 0.06 0.054 0.054 0.058 0.055 0.053 

K 0.05 0.05 0.051 0.045 0.049 0.048 0.056 0.00 0.05 0.053 0.054 0.054 0.051 0.05 0.048 

L 0.092 0.09 0.1 0.096 0.105 0.094 0.09 0.00 0.097 0.092 0.094 0.093 0.098 0.091 0.087 

M 0.018 0.02 0.019 0.019 0.02 0.019 0.019 0.00 0.021 0.02 0.016 0.019 0.019 0.019 0.017 

N 0.049 0.048 0.047 0.048 0.043 0.047 0.048 1.00 0.048 0.051 0.043 0.048 0.047 0.047 0.049 

P 0.055 0.055 0.053 0.053 0.047 0.053 0.052 0.00 0.064 0.052 0.053 0.054 0.053 0.058 0.057 

Q 0.042 0.041 0.041 0.041 0.042 0.041 0.045 0.00 0.04 0.044 0.042 0.041 0.041 0.043 0.04 

R 0.049 0.048 0.048 0.046 0.046 0.045 0.055 0.00 0.042 0.05 0.047 0.047 0.045 0.047 0.044 

S 0.074 0.074 0.078 0.075 0.074 0.078 0.071 0.00 0.075 0.071 0.074 0.084 0.075 0.079 0.079 

T 0.063 0.06 0.061 0.06 0.059 0.06 0.05 0.00 0.055 0.068 0.06 0.063 0.06 0.061 0.06 

V 0.066 0.075 0.067 0.07 0.071 0.064 0.063 0.00 0.064 0.063 0.072 0.066 0.07 0.066 0.066 

W 0.016 0.016 0.014 0.018 0.017 0.016 0.019 0.00 0.015 0.014 0.018 0.016 0.016 0.017 0.015 

Y 0.035 0.038 0.036 0.035 0.038 0.035 0.037 0.00 0.035 0.036 0.038 0.036 0.04 0.036 0.034 

 

Table 13. The frequencies of amino acids surrounding non-glycosylated human Asn residues 
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Glycosylated 

 

Non-glycosylated 

 

Figure 21. The conservation pattern of sequence windows for all human positive and negative sites 

To highlight the difference between plant and human glycosylation sites, the Web-Logos of plant 

and human glycosylation sites are directly compared in Figure 22 below. Only very minor 

differences are apparently. For example, in plant-glycosylated sequences, positions 1 and 4 

appear to have higher frequency of threonine (T) than in human sequences, while positions 2 and 

7 have higher frequency of glycine (G). The fact that there are differences between plant and 

human glycosylation sites motivates our goal to create plant-specific predictors of N-linked 

protein glycosylation sites. 
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Plant-glycosylated 

 

 

Human-glycosylated 

 

Figure 22. Sequence contexts of plant and human glycosites 

4.2 Pattern classification  

Throughout the experiments below, two different datasets were used for the analysis. The first 

dataset contains 113 plant protein targets. After removing identical points, this dataset had 218 

positive points with 1950 negative points. The second data set had 1118 human targets protein. After 

removing identical points, the dataset had 2835 positive sites and 28797 negative sites. A random 

subset of 218 positive points with 1950 negative human sites was used to create all human predictors. 
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By selecting a human subset of equal size to the available plant data, we prevent the amount of 

available training data from biasing the human vs. plant prediction results. 

4.2.1 The effect of feature selection on the SVM classifier 

In the present study, we have generated several SVM models using surface accessibility (SA), 

secondary structure (SS), position-specific scoring matrix (PSSM), and binary profile of patterns 

(BPP) as input features. Various combinations of these features were examined. For each feature 

set, a fully hyperparameter sweep was conducted over the range of  155 2,...,2c , 

 315 2,...,2 , and w1={1,5,10}. Our performance measures were calculated based on 10-

fold cross validation tests. We sought the feature set that led to the largest possible Sn, Sp, and 

Pr. Therefore, for each feature set the results of each hyperparameter set were sorted by the 

min(Sn,Sp,Pr), then the hyperparameter set with the greatest minimum of these three 

performance metrics was selected. When examining features in isolation, it was abundantly clear 

that the prediction of the both plant and human N-glycosylated sites was most effective when 

using the BPP. Using the optimal hyperparamter values, for the plant dataset, we achieved 

sensitivity of 78.7%, specificity of 97.5%, and 78.7% precision. For the human dataset, we 

achieved 57.8% sensitivity, 92.7% specificity, and 47.3% precision. Since sequence conservation 

(PSSM), surface accessibility (SA), secondary structure (SS) have been previously shown to play 

an important role in the effective prediction of glycosylation sites in a protein, therefore, we have 

developed our prediction models with these features in the following combinations: (i) surface 

accessibility profile (SA) (ii) secondary structure (SS) (iii) combination of both SA and SS ( iv) 

Position-specific scoring matrix (PSSM) alone (v) combination of PSSM and SA (vi) 

combination of PSSM with SS (vii) combination of all the three features SA, SS, and PSSM 
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(viii) binary profile of patterns (BPP) (ix) BPP with SA (x) BPP with SS (xi) combination of 

BPP with PSSM (xii) combination of BPP with SA and SS (xiii) combination of all the four 

features BPP,SA,SS, and PSSM . All these features with their results for both plant and human 

are shown below in Table 14 for plant proteins and Table 15 for human proteins. 

Plant 

Feature Set c g wPos Sn Sp Prec 

SA 5 0 5 40.2 92.7 39.2 

SS 4 0 10 34.7 92.8 35.9 

SA+SS 2 -2 5 38.4 92.7 38.1 

PSSM 0 -3 10 46.7 93.9 47.4 

PSSM+SS 1 -4 10 47.6 94.0 48.4 

PSSM+SA 2 -4 10 48.1 93.9 47.9 

PSSM+SS+SA 3 -5 10 49.0 94.3 50.0 

BPP 8 -8 1 78.7 97.5 78.7 

BPP+SA 6 -7 1 80.0 97.5 79.0 

BPP+SS 5 -5 1 79.6 97.3 77.5 

BPP+PSSM 2 -5 5 78.2 97.4 77.9 

BPP+SA+SS 4 -6 1 80 97.2 77.2 

BPP+SA+SS+PSM 5 -6 1 78.7 97.4 78.3 

 

Table 14. Results of feature selection using the plant dataset 

A t-test (assuming equal variances) was conducted to determine if the difference in classification 

performance between plant BPP+SA and BPP-only classifiers. The test was applied to the 

accuracy, Sn, Sp, and Prec observed over each of the ten folds in the 10-CV test. None of the 
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differences were found to be statistically significant (p-values in range 0.35 to 0.5). Therefore, 

given that the BPP-only classifier is less complex, in that it has 15 fewer input features, it should 

be considered preferable to the BPP+SA classifier [13]. Despite this fact, all remaining analysis 

in this thesis uses the BPP+SA feature set. The analysis of the BPP-only feature set is left to 

future work. 

Human 

Feature Set c g wPos Sn Sp Prec 

SA only 4 0 5 25.9 88.6 20.5 

SS only 9 -2 1 17.1 89.2 15.2 

SA+SS 1 -3 5 21.2 87.7 16.4 

PSSM 0 -4 5 37.5 92.2 35.2 

PSSM+SS 1 -5 5 33.7 92.0 32.4 

PSSM+SA 0 -4 5 37.0 92.6 36.2 

PSSM+SS+SA 2 -6 5 42.1 90.4 33.1 

BPP -3 -6 5 57.8 92.7 47.3 

BPP+SA -3 -6 5 57.8 92.7 47.3 

BPP+SS -3 -5 5 58.3 92.4 46.7 

BPP+PSSM -3 -5 5 61.1 91.9 46.0 

BPP+SA+SS -3 -6 5 46.2 93.9 46.3 

BPP+SA+SS+PSSM 3 -8 10 71.2 90.4 45.7 

 

Table 15 Results of feature selection using the human dataset 

This table shows the effect of feature selection on our trained SVM classifier by using human 

dataset as the same size of the plant dataset (218 positive and 1950 negative sites). Since the 
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BPP+SA feature set was equally accurate to the BPP-only feature set, either set can be used. 

Below, we use the BPP+SA feature set to be consistent with the plant-specific predictor.  

Figure 23 shows the heatmaps for plant and human proteins using the optimal feature sets 

(BPP+SA). These heatmaps were used to select the optimal SVM hyperparameters. As can be 

seen in Figure 23, the SVM classifiers were not highly sensitive to hyperparameter selection. 

This gives us confidence that the prediction results are not unduly overfit to the training data. 

4.2.1 Cross-species prediction of N-glycosylation 

The central goal of this thesis is to establish that it is worth creating a plant-specific predictor of 

N-linked glycosylation. To clearly demonstrate that this is the case, below we examine the cross-

species application of two predictors: a plant-specific predictor and a human-specific predictor, 

each trained on their respective datasets. These predictors are then evaluated on both plant and 

human test sets using a 10-fold cross-validation test. In a cross-species test, 90% (9 folds) of the 

available data from the training species is used to train a predictor, while 10% (1 fold) of the data 

from the test species is used to evaluate the predictor. This is repeated 10 times, as with the 

traditional within-species 10-fold cross-validation test. For the plant-specific predictor, the 

BPP+SA feature set is used with the hyperparameters listed in Table 14. Likewise, the human-

specific predictor uses the BPP+SA feature set with the hyperparameters from Table 15.  
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A) Plant (W1=1) 
Log2 

L
o

g
2
C

 

 -15 -14 -13 -12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 

-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.00 0.00 

-1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.62 0.49 0.03 0.00 0.00 0.00 0.00 0.00 

0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.56 0.65 0.67 0.70 0.27 0.03 0.00 0.00 0.00 0.00 

1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.62 0.65 0.72 0.75 0.77 0.44 0.13 0.01 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 0.00 0.00 0.63 0.65 0.75 0.74 0.75 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 0.00 0.64 0.65 0.74 0.73 0.74 0.77 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 0.64 0.65 0.73 0.74 0.75 0.77 0.77 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.64 0.65 0.73 0.73 0.76 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

6 0.00 0.00 0.64 0.65 0.73 0.73 0.76 0.76 0.79 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

7 0.00 0.64 0.65 0.73 0.73 0.76 0.76 0.77 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

8 0.64 0.65 0.73 0.73 0.75 0.77 0.76 0.77 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

9 0.65 0.73 0.73 0.76 0.77 0.75 0.77 0.76 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

10 0.73 0.73 0.76 0.77 0.74 0.75 0.76 0.75 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

11 0.73 0.76 0.76 0.74 0.74 0.75 0.75 0.75 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

12 0.76 0.76 0.74 0.74 0.74 0.74 0.75 0.75 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

13 0.76 0.74 0.74 0.73 0.73 0.74 0.75 0.75 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

14 0.74 0.73 0.73 0.72 0.73 0.74 0.75 0.75 0.78 0.78 0.76 0.78 0.43 0.13 0.01 0.00 0.00 0.00 

 

B) Human (W1=5) 

Log2 

-15 -14 -13 -12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 

 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

L
o

g
2
C

 

-4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47 0.44 0.46 0.00 0.00 0.00 0.00 0.00 0.00 

-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.46 0.43 0.43 0.44 0.33 0.00 0.00 0.00 0.00 0.00 

-1 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.44 0.43 0.43 0.43 0.44 0.08 0.00 0.00 0.00 0.00 0.00 

0 0.00 0.00 0.00 0.00 0.00 0.06 0.44 0.43 0.43 0.43 0.44 0.42 0.01 0.00 0.00 0.00 0.00 0.00 

1 0.00 0.00 0.00 0.00 0.10 0.43 0.43 0.43 0.43 0.43 0.41 0.24 0.01 0.00 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.11 0.44 0.43 0.43 0.43 0.43 0.42 0.36 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.13 0.44 0.43 0.43 0.43 0.43 0.42 0.41 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

4 0.00 0.13 0.44 0.43 0.43 0.43 0.43 0.42 0.39 0.35 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

5 0.13 0.44 0.43 0.43 0.43 0.43 0.42 0.39 0.39 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

6 0.44 0.43 0.43 0.43 0.43 0.42 0.39 0.39 0.37 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

7 0.43 0.43 0.43 0.43 0.42 0.38 0.38 0.38 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

8 0.43 0.43 0.43 0.42 0.38 0.38 0.38 0.39 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

9 0.43 0.43 0.42 0.38 0.38 0.37 0.38 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

10 0.43 0.42 0.38 0.38 0.36 0.37 0.37 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

11 0.42 0.38 0.38 0.36 0.37 0.36 0.37 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

12 0.38 0.38 0.36 0.37 0.37 0.36 0.37 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

13 0.38 0.36 0.37 0.36 0.36 0.37 0.37 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

14 0.36 0.37 0.36 0.37 0.37 0.37 0.37 0.37 0.35 0.32 0.31 0.21 0.01 0.00 0.00 0.00 0.00 0.00 

Figure 23: Heatmaps for plant (A) and human (B) proteins using the BPP+SA feature set 
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All cross-species and within-species results are shown in the Table 16 below. In this 

table, the first row and first column present the plant-train/plant-test dataset. The second row and 

first column shows the result from plant-train/human-test dataset. The first row and the second 

column illustrate the result from human-train/plant-test dataset. The second row and second 

column represent the result of human-train/human-test dataset.  

As can be seen, when attempting to predict plant N-linked glycosylation sites, it is clear that one 

should use the plant-specific predictor since it has higher Sn, Sp, and Pr than does the human-

specific predictor (see upper row in Table 16). Likewise, when attempting to predict human N-

linked glycosylation sites, one should prefer the human-specific predictor since; looking at the 

bottom row, the Sp and Pr is higher using the human-specific predictor. A test of significance 

was not performed here. 

 

 Train 

Plant Human 

T
e
st

 P
la

n
t C= 2

6
 = 2

-7
 W=1 C= 2

-3
 = 2

-6
 W=5 

Sn= 80.0% Sp=97.5% Pr=79.0% Sn= 62.9% Sp= 91.9% Pr= 47.7% 

H
u

m
a

n
 

C= 2
6
 = 2

-7
 W=1 C= 2

-3
 = 2

-6
 W=5 

Sn= 58.7% Sp= 91.1% Pr= 43.5% Sn= 57.8% Sp= 92.7% Pr= 47.3% 

 

Table 16. Cross-species classification accuracy using BPP+SA as sole input feature 



73 

 

 

4.2.2 Performance of final plant and human predictors 

In this section, we more closely examine the performance of the optimal plant- and human-

specific N-linked glycosylation predictors. The results reported in the tables above refer to a 

single decision threshold operating point. In fact, an SVM classifier can output continuous values 

for prediction scores, where the more positive the value, the more likely it is to come from the 

positive class. By tuning the decision threshold we can achieve more conservative or permissive 

classifiers resulting in a trade-off between precision and recall, or equivalently, between 

sensitivity and specificity. First, we demonstrated our classifier output quality using a precision-

recall curve (Figure 24). In this figure, the achievable recall and precision is plotted as the 

decision threshold is tuned from conservative (low recall, high precision) to permissive (high 

recall, lower precision). Roughly speaking, precision corresponds to a low false positive rate 

while recall relates to a low false negative rate [52]. Consequently, an ideal system is the one 

with high precision and high recall which returns all the predicted labels correctly. Precision-

recall curves are more useful than ROC curves in the case of class imbalance, since, in a case 

such as ours where the positive class is the minority class, the overall system performance is 

more dependent on specificity than sensitivity. Regardless, we also provide ROC curves for both 

plant and human classifiers. Figure 24 represents the evaluation of ranked retrieval results of our 

classifiers for both plant and human datasets. Subplot A) illustrates the precision-recall curve for 

plant proteins. The X-axis shows the recall or sensitivity rates. The Y-axis represents the 

precision rates. It also shows the area under curve (AUC) value of 77.1%. Subplot B shows the 

ROC curve for the plant dataset by plotting true positive rate (sensitivity) against the false 
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positive rate (1-Sp) at various threshold settings. Subplot C shows the precision-recall curve for 

the human dataset with an AUC of 42.87%. Subplot D illustrates the ROC curve rates for the 

human dataset. The results from all these figures demonstrate that the plant-classifier is more 

accurate than the human-classifier. 
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Figure 24. Performance curves. A: Plant precision-recall curve, B: Plant ROC curve, C: Human precision-

recall curve, D: Human ROC curve. Hyperparameter values and final performance metrics are shown for 

each classifier. 

A B 

C D 
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4.2.3 Evaluate GPP / GlycoPP prediction tools using plant and human datasets 

In this section we evaluated GPP and GlycoPP prediction tools using our plant and human 

datasets. We manually entered the sequences of our target proteins into the webserver for each 

method. Returned results were parsed with custom PHP scripts which also calculated sensitivity, 

specificity, precision and accuracy of these prediction tools for our datasets. The results are 

shown in Table 17 below. The results show that our prediction tool (PlantGlyco) is more 

accurate than both GPP and GlycoPP for both plant and human datasets since, although our 

sensitivity is slightly higher for plant and slightly lower for human, we achieve improved 

performance in terms of accuracy, specificity, and precision. Our central goal was to create a 

highly effective plant-specific predictor of N-linked Glycosylation. It is clear from Table 17 that 

this goal was met. Although our central goal was not to produce a new human-specific tool with 

improved classification performance, it appears we have achieved this goal nonetheless, however 

the difference in performance was not proven to be statistically significant. It should be noted 

that we used different hyperparameter values in Table 17 compared to those presented above in 

Table 16. This was done to select a more permissive operating point for the decision threshold to 

more closely emulate the operating points selected by GPP and GlycoPP. 
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Plant Protein Targets 

Method Sensitivity Specificity Precision Accuracy 

GPP 99.08% 60.44% 21.40% 64.23% 

GlycoPP 99.47% 40.22% 16.50% 46.51% 

PlantGlyco C= 2
1
 = 2

-6
 W=1 W-1=1 

99.50% 94.80% 69.40% 95.30% 

Human Protein Targets 

GPP 97.63% 61.77% 18.54% 64.70% 

GlycoPP 98.62% 38.36% 12.74% 43.40% 

PlantGlyco C= 2
-4

 = 2
-5

 W=10 W-1=1 

96.20% 85.90% 43.50% 86.90% 
 

Table 17. Evaluate GPP/GlycoPP prediction tool using plant/human datasets 

 Furthermore, Figure 25 represents the evaluation of ranked retrieval results of our 

classifiers for both plant and human datasets using the more permissive decision threshold used 

to achieve the results from Table 17. Subplot A) illustrates the precision-recall curve for plant 

proteins. The X-axis shows the recall or sensitivity rates. The Y-axis represents the precision 

rates. It also shows the area under curve (AUC) value of 75.49%. Subplot B shows the ROC 

curve for the plant dataset by plotting true positive rate (sensitivity) against the false positive rate 

(1-Sp) at various threshold settings. Subplot C shows the precision-recall curve for the human 

dataset with an AUC of 42.68%. Subplot D illustrates the ROC curve rates for the human 

dataset. 
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Plant 

C= 2
1   

 = 2
-5

 W=1 Sn= 99.50% Sp= 94.80% Pr=69.40% 

  

Human 

C= 2
-4 = 2

-5
 W=10 Sn= 96.20% Sp= 85.90% Pr= 43.50% 

  

Figure 25. Performance curves using PlantGlyco method using more permissive decision threshold. A: Plant 

precision-recall curve, B: Plant ROC curve, C: Human precision-recall curve, D: Human ROC curve 

4.3 The Glycosylation prediction web server 

 The final step in this research after finding the best classifier is to develop a web interface 

and make it available for researchers to use this prediction tool. This web server permits 
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researchers to input a protein sequence then receive the predicted glycosylation state for each N 

in the input protein. It is available at http://bioinf.sce.carleton.ca/PlantGlyco. 

  In this study, PHP, PERL, and HTML scripts were written to develop this web interface. 

We also used a stand-alone C++ implementation of LIBSVM [48] in order to execute our trained 

SVM on any new protein sequence input by user. We followed a web server software 

architecture used previously by our group such that the web server automatically generates the 

numeric data of surface accessibility and BPP for the input sequence, scales and formats these 

data, applies the pre-trained SVM classifier, then produces formatted HTML output. Figure 26 

below illustrates a screenshot from the webserver. It also shows whether each residue within the 

input sequence is predicted to be glycosylated or not: "NO" means this site is non-glycosylated 

and "YES" indicates that this site is potentially glycosylated. The Prob column indicates that 

how certain we are to predict "YES" or "NO". 

 Using 10 test sequences with lengths varying from 100-600 amino acids, the runtime 

averages 29.9 seconds on an Intel L5630 X2 Quad Core 2.13G Turbo processor at 2.4GHz with 

24GB of RAM. It appears that most of the runtime is actually caused by database transactions 

(storing the calculated solvent accessibility then querying it to form the input file for the SVM). 

This could be further optimized by removing the dependency on the database (i.e. merge all 

scripts into a single script and keep intermediate results in memory). 
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Figure 26: Screenshots from developed web server: A) is entry screen, B) is “in progress” screen, and C) is 

results screen. 

 

 

B) 
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5 DISCUSSION  

5.1 Contributions  

This thesis explores key aspects of the SVM for the prediction of N-linked glycosylation sites on 

plant proteins. Since many plant proteins are glycosylated by N-linked oligosaccharides, it is 

worth making plant-specific glycosylation prediction systems. Our key contributions toward this 

goal are as follows:   

5.1.1 Data collection and storage  

In this study, we choose dbPTM as our database source that lists all of the experimentally 

validated PTM sites from Swiss-Prot, PhosphoELM and O-GLYCBASE in it. From this 

database, we retrieved 113 experimentally confirmed plant protein targets for asparagine N-

linked glycosylation and 1118 experimentally confirmed human protein targets for asparagine N-

linked glycosylation. We created a local database to store all plant and human protein sequences, 

all positive and negative sites on all plant/human protein targets, all computed surface 

accessibility, secondary structure, and the PSSM for each target protein. This local database with 

all stored data in it will be useful in other research as well or to develop a similar program on 

plant or human protein sequences and has already been used in a separate study by another 

researcher. 

5.1.2 Characterizing target proteins  

We characterized the plant and human protein targets with three of the above mentioned features: 

surface accessibility, secondary structure, and pattern of sequence conservation (WebLogo, 
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frequency matrix, and PSSM). We demonstrated that there are minor differences in these feature 

data between plant and human target proteins. 

5.1.3 Pattern classification  

.In this study, we used an SVM to train and test an optimal classifier with a ten-fold cross 

validation test protocol. Feature selection was conducted for both plant and human datasets. The 

BPP+SA feature set was found to be slightly better than the BPP-only feature set for plant 

proteins, however this difference was not found to be statistically significant. Therefore, future 

work should focus on the BPP-only feature set, as a less complex classifier should be preferred 

to a more complex classifier unless significant gains in accuracy as achieved. The fact that SA 

and SS were not found to be useful features for predicting glycosylation should not be surprising. 

Computing the distributions of both of these features for glycosylated vs. non-glycosylated sites 

demonstrated that there is little difference between the two classes for each of these features. For 

plant proteins, the optimal classifier can recall 80% of all plant asparagine glycosylation sites 

with 79.0% precision. Similarly, for human asparagine glycosylation sites we achieved a recall 

of 57.8 % with 47.3% precision. This accuracy of both plant and human are quite good and can 

be used for many biological applications. Consequently, we can accurately predict asparagine 

glycosylation using the prediction tool developed in this thesis. Furthermore, we clearly 

established the benefit of creating plant-specific predictors of N-linked glycosylation. 

 When comparing our results to contemporary glycosylation prediction servers (see Table 17), 

we achieved significantly improved classification performance on plant, and somewhat improved 

performance on human protein targets.  
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5.1.4 The N-linked glycosylation prediction web server  

In this project, since we have not found any existing prediction tool for N-linked glycosylation 

on plant, thus we can be a first group that developed a prediction web server for asparagine N-

linked glycosylation and will make it accessible for the researchers to use our prediction tools 

against their interested sequence protein. 

5.2 Recommendations for future work 

5.2.1 Collecting additional data 

Considering that all available data were used to select the optimal SVM hyperparameters, even 

though we used a cross-validation test methodology, there is a chance that our glycosylation 

predictors are somewhat over-fit to the available data. Therefore, new, independent test data 

should be identified and used to validate the observed prediction system performance. For 

example, collaborator Dr. Jeffrey Smith has studied glycosylation of proteins in lentils using 

mass spectrometry. These newly discovered glycosylation sties would make an excellent 

independent test set for the predictors developed here. Active learning could also be explored as 

a way to further improve classification accuracy. In this approach, newly measured data is added 

to the training set to create an updated predictor. This predictor is used to re-analyze unannotated 

proteins to propose novel glycosylation sites. Following wet-lab validation of these sites (as 

either truly glycosylated or negative), these new data are re-added to the training dataset and the 

process iterates again. Lastly, it is proposed to examine datasets from species other than those 

used in this thesis to train SVM predictors for a wider diversity of species.   
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5.2.2 Application of current approach to other types of glycosylation  

Since our N-linked glycosylation prediction tool was successful, this approach may also be 

applicable to developing prediction tools for other different types of glycosylation, such as O-

linked glycans, phospho-glycans, C-linked glycans, and glypiation. It is likely that species-

specific classifiers are also beneficial for these and other types of PTMs. 

5.2.3 Compute different feature data  

In this study, we examined four input features including BPP, surface accessibility, secondary 

structure and PSSM to train a classifier. Additionally, it is suggested to test other sequence 

features used in existing glycosylation prediction systems, such as CPP (composition profile of 

patterns) [42], be evaluated as possible input features for the prediction of plant glycosylation.  

 Another possible avenue for exploration would be the addition of a species input to the 

SVM. Rather than training separate SVM classifiers for plant and human, a single classifier 

could be trained using all data from both phyla, and an input feature could be added denoting the 

source phylum for each sequence. Considering that difference hyperparameters were found to be 

optimal in the plant- and human-specific classifiers, it is unclear if a single classifier will perform 

adequately well on both species. One possible advantage would be an increase in the number of 

training samples available to the classifier. Furthermore, this idea may provide an approach for 

expanding this method to other phyla (e.g. prokaryotes).  

 Lastly, the human-specific classifier developed in this thesis performed very well 

compared to the state-of-the art human-specific methods (e.g. GPP, GlycoPP). These results 

were obtained over a relatively small subset of all available human glycosylation data in dbPTM. 

http://en.wikipedia.org/wiki/Glypiation
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Given the limited dataset size, used in this thesis, it is somewhat unexpected that our classifier 

would outperform the state-of-the-art methods which are, presumably, trained on much larger 

datasets. We believe that our method outperforms these other methods due to our targeting of 

high precision and recall as training performance criteria, whereas other methods have 

erroneously optimized for maximum accuracy. As discussed above, accuracy is not an 

appropriate performance measure in the presence of class imbalance. It would be worth 

retraining and re-evaluating classifiers trained using all available human N-linked glycosylation 

data.  

5.2.4 Combination of multiple experts 

The combination of multiple diverse predictions tools is suggested to improve classification 

accuracy. For example, our classifier may achieve higher accuracy if it is combined with existing 

methods such as GlycoPP or GPP. Considering that decision forests were found to be suitable for 

this application in [41], this method should be examined, possibly in combination with SVM 

classifiers. Combination can be achieved via weighted voting, or using a secondary classifier to 

combine the raw outputs from several primary predictors.     
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