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Abstract: 
 
Post Translational Modification (PTM) is an important biological mechanism to promote functional 
diversity among the proteins. So far, a wide range of PTMs has been identified. Among them, 
Glycation is considered as one of the most important PTMs. Glycation is associated with different 
neurological disorders including Parkinson and Alzheimer. It is also shown to be responsible for 
different diseases, including vascular complications of diabetes mellitus. Despite all the efforts 
have been made so far, the prediction performance of Glycation sites using computational 
methods remains limited. Here we present a newly developed machine learning tool called 
iProtGly-SS that utilizes sequential and structural information as well as Support Vector Machine 
(SVM) classifier to enhance lysine Glycation site prediction accuracy. The performance of 
iProtGly-SS was investigated using the three most popular benchmarks used for this task. Our 
results demonstrate that iProtGly-SS is able to achieve 81.61%, 93.62%, and 92.95% prediction 
accuracies on these benchmarks, which are significantly better than those results reported in the 
previous studies. iProtGly-SS is implemented as a web-based tool which is publicly available at 
http://brl.uiu.ac.bd/iprotgly-ss/.  
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Introduction 

 

Post translation modification (PTM) of proteins is an important mechanism to increase proteomic 
diversity by covalently attaching small macromolecules to selected amino acid residues after the 
translation process. PTM plays critical roles in biological reactions ranging from amino acid 
degradation, cell signaling, regulating the folding process of proteins or their interaction with other 
molecules to disease causing interactions such as in Parkinson, and many cancers. Therefore, 
the identification of PTM sites provides detailed insights into the function of proteins and their 
biological interactions [1]. Proteins undergo a wide range of PTMs. Among them, Glycation is 
among the most important ones. Glycation is defined as the covalent bonding of sugar molecules 
with proteins [1,2]. In this process, sugar molecules including glucose, fructose or their other 
derivatives interact with lysine (K) and arginine (R) residues to form Amadori ketoamine. In the 
next step, Amadori ketoamine undergoes degradation to form advanced glycation end products 
(AGEs). The Glycation and its related by-products have been shown to be responsible for many 
diseases, including neuro-degenerative disorders, such as Alzheimer, and Parkinson [3, 4]. It is 
also shown to be responsible for complications in vascular complications of diabetes mellitus. 
Glycation is also shown related in the aging process [5]. 

  

Glycation can be detected using experimental methods [6]. Among the experimental methods, 
Liquid chromatography with mass spectrometry is considered the most successful approach to 
detect this and other PTMs. However, this method is complicated, expensive, and time-
consuming [7, 8]. Hence, it is unable to meet the exponential growth of protein databanks. 
Therefore, the implementation of fast and accurate computational methods is considered as a 
feasible alternative to experimental methods to detect Glycation and other PTMs [9]. Among 
different computational methods, machine learning based approaches have emerged as the most 
effective and accurate methods to tackle this problem [10]. 

 

During the past decade, several machine learning-based methods have been proposed to tackle 
this problem [11-13]. Among them, GlyNN [14], PreGly [15], and Gly-PseAAC [16] are the most 
notable ones which demonstrated the best results for this task. GlyNN was proposed in [14]. To 
build this model, they used the composition of the amino acids around a given lysine as the input 
features. Consequently, they used Artificial Neural Network (ANN) as their employed classification 
to predict lysine Glycation sites. Later on, [15] proposed a new method called PreGly to solve this 
problem. To build this model, they used several sequence-based features including amino acid 
occurrence frequency, amino acid factors, and the composition of k-spaced amino acid pairs 
(CKSAAP). They also used Support Vector Machine (SVM) as their classification technique. More 
recently, [16] used propensity-based features and SVM as the classifier to proposed Gly-PseAAC. 
Similar to GlyNN and PreGly, Gly-PseAAC also relied solely on sequence-based features to solve 
this problem. Despite aching promising results, the lysine Glycation prediction accuracy remains 
limited. 



In a recent study, we have developed iProtGly-SS, a machine learning based model that uses the 
combination of structural and sequential based information extracted from the protein sequence 
to accurately predict lysine Glycation sites. We also used SVM as the classification technique to 
build this model. We investigated the effectiveness of iProtGly-SS on the three most popular 
benchmarks used for this task. Our results showed that this model is able to significantly 
outperform previous studies found in the literature to solve this problem. iProtGly-SS achieves 
81.61%, 93.62%, and 92.95% accuracies on the employed benchmarks, which in all cases are 
over 10% better than the results reported in previous studies. It is important to note that iProtGly-
SS is the first machine learning-based method to achieve over 90% prediction accuracy for this 
task on two of the benchmarks used in this study [16]. 

It is also worth mentioning that iProtGly-SS performance and its achieved results are still better 
or comparable to more recent machine learning models proposed to predict lysine Glycation sites 
on the employed benchmarks [17-22].   

 

Materials and Algorithm 

In this section, the datasets used for our experiments and the method used to develop iProtGly-
SS are explained in detail. 

 

Datasets 

 

For the experimental analysis, we used the three most popular datasets that are widely used for 
the lysine Glycation prediction task. The first dataset (Dataset A) was collected from CPLM 
(http://cplm.biocuckoo.org/) [10]. It consists of 72 proteins containing 323 Glycation sites. We then 
used CD-Hit to remove proteins with over 40% sequence similarity. The resulting dataset contains 
significantly more negative samples compared to positive samples. To avoid bias towards 
negative samples, we balanced the dataset using random sampling with the ratio of 2:1 (two 
negative samples for every positive sample). As a result, the final dataset contained 223 positive 
and 446 negative samples.  

 
The second dataset (Dataset B) was introduced in [14]. This dataset was generated manually by 
inspecting a large number of proteins that undergone Glycation. The resulting dataset consists of 
20 proteins with 89 Glycation sites and 126 non-Glycation sites. 
 
The third dataset (Dataset C) was introduced in [15], which was manually collected from Uniprot 
[23, 24]. This dataset was originally used to compare the performance of PreGly with other 
methods. This dataset contains 82 Glycation sites and 117 non-Glycation sites. 
 
Algorithm 
 

To build iProtGly-SS we first studied the impact of several features to investigate their 
effectiveness and select those with the most important discriminatory information for the lysine 
Glycation site prediction task. Here we studied 9 feature groups based on four properties: 



propensity, composition, secondary structure, and physicochemical properties of the amino acids. 
We also studied different window sizes to extract our features from the neighboring amino acids. 
Among them, using a window size of 35 (17 upstream + 17 downstream + 1 central lysine) 
demonstrated the best results and used to build our model.  

Propensity was first used in [16] to build Gly-PseAAC to predict lysine Glycation sites. It was 
shown in this study that propensity can provide important local information about the interaction 
of neighboring amino acids [25]. Therefore, it is considered as a sequence-based feature and 
investigated in this study.  

Another sequence-based feature investigated in this study was the composition of amino acids. 
The composition of the amino acids provides information about the occurrence of the neighboring 
amino acids to a lysine. Considering 20 standard amino acids plus an unknown amino acid ‘X’, 
we extracted 21 features based on the composition property. 

On the other hand, we used predicted secondary structure using SPIDER 3.0 to extract structure-
based features [26, 27]. Structural information provides information about the local structure of 
the proteins and how amino acids interact in 3D structure [28, 29]. Structural information has been 
widely used to predict different types of PTMs, including SUMOylating, Malonylation, Pupylation, 
phosphoglycerylation, succinylation, and Glycosylation and obtained promising results [30-39]. 

Finally, we also extracted features based on different physicochemical properties of the amino 
acids. These features can provide important information about different attributes of the amino 
acids and how they interact. We studied 6 different physicochemical attributes of the amino acids 
that were used in [40], namely, polarity, polarizability, normalized van der valse volume, 
secondary structure tendency, charge, and solvent accessibility. As a result, we extract 6 feature 
groups based on these properties. 

We also studied a wide range of classifiers which among them, Support Vector Machine (SVM), 
attained the best results and therefore used as the primary classifier to build iProtGly-SS. SVM is 
a non-parametric classification technique that aims at finding the maximum marginal hyperplane 
to minimize the prediction error [41]. 

We then investigated the impact of each feature group to select those with the highest 
discriminatory information for lysine Glycation prediction task [15]. To do this, we design an 
incremental subset feature group selection approach, named INFUSE: INcremental Feature 
groUp Selection. INFUSE is designed similar to incremental feature selection [42]. In this model, 
we first investigate the impact of each feature group, separately. We then choose the one with 
the best performance. In the next step, we add the remaining feature groups to the one selected 
in the first step and repeat the experiment to identify the best performance. Consequently, we 
then choose the combination of two with the best performance. We repeat this process for all 9 
feature groups to determine the best combination of feature groups for the lysine Glycation site 
prediction task.   

Using INFUSE, we identify that we can obtain the best results by using amino acid composition, 
secondary structure, and polarity. Hence, we build iProtGly-SS using the combination of these 
three feature groups and SVM as our classification method. 

Table 1 demonstrates the results achieved using iProtGly-SS on our employed datasets 
compared to PreGly, Gly-PseAAC, and GlyNN using 3-fold, 10-fold, and leave-one-out cross-



validation as our validation methods [14-16]. We compared our results using different evaluation 
measurements such as Accuracy, Area Under the Curve (AUC), Sensitivity, Specificity, and 
Matthews Correlation Coefficient (MCC).  

Dataset Method Accuracy (%) Sensitivity (%) Specificity (%) AUC MCC 

Dataset A iProtGly-SSa 81.61±4.7 92.38 ± 1.1 60.09±2.3 0.8676±0.04 0.5619±0.13 

iProtGly-SSc 80.72 93.05 56.05 0.8816 0.5474 

Gly-PseAACa 68.69 57.48 74.30 0.7199 0.3166 

 Gly-PseAACc 68.91 58.74 73.99 0.7258 0.3198 

Dataset B iProtGly-SSa 93.62±4.1 93.68±2.8 93.42±1.6 0.9773±0.02 0.8783±0.03 

iProtGly-SSc 94.15 95.79 92.11 0.9841 0.8815 

GlyNNb 79.50 78.65 80.15 0.77 0.58 

PreGlya 85.51 71.06 95.85 ---  0.70 

Gly-PseAACa 68.12 56.06 80.17 0.7705 0.38 

Dataset C iProtGly-SSa 92.95±6.0 95.73±1.2 89.02±3.8 0.9672±0.03 0.8543±0.12 

iProtGly-SSc 92.96 95.73 89.02 0.9635 0.8545 

PreGlya 79.92 64.20 91.57 ---  0.5849 

a 10-fold cross-validation 
b 3-fold cross-validation 
c Leave-one-out cross-validation 

Table 1: Results achieved using iProtGly-SS on our employed datasets compared to PreGly, Gly-PseAAC, and GlyNN. 

As shown in Table 1, iProtGly-SS is able to significantly outperform PreGly, GlyNN, and Gly-
PseAAC on all three datasets with respect to all the evaluation measurement. In particular, 
iProtGly-SS achieves, 81.61%, 93.62%, and 92.95% prediction accuracies which are 12.92%, 
8.11%, and 13.03% better than those reported by previous studies in Datasets A, B, and C, 
respectively. It is also important to note that iProtGly-SS is able to achieve significantly better 
sensitivity than those reported in other studies [14-16]. This highlights the effectiveness of this 
method to predict lysine Glycation sites compared to other methods. 

Webserver 
 
1. iProtGly-SS is implemented as an online tool which is publicly available at 
http://brl.uiu.ac.bd/iprotgly-ss/. The input to the webserver is in the SPD3 format (the output of 
SPIDER 3.0). The partial input SPD3 sample is shown in Figure 1. It is important to note that 
iProtGly-SS can work with any other predicted secondary structure output file with is in the same 
format of SPIDER 3.0 [27]. For example, the output of SPIDER 2.0, an earlier version of SPIDER 
3.0, which is also used for predicting protein local structure, is in the similar format [28, 29]. Hence, 
it can also be used as an input to iProtGly-SS. However, for such a case, the performance will 
not be guaranteed to be exactly the same as what was reported since the local structure prediction 
accuracy of different tools might be different, which directly impacts the iProtGly-SS performance. 
 
2. iProtGly-SS uses the secondary structure predicted values (P(C), P(E), P(H)) from SPD3 to 
extract related features as it was mentioned earlier in the Materials and Algorithm Section. 



 
Figure 1: partial SPD3 matrix sample, which is produced as the output of SPIDER 3.0. iProtGly-SS uses 

predicted secondary structure (P(C), P(E), P(E)) to extract structural based features. 
 
3. Figure 2 demonstrates iProtGly-SS web-based tool and its output for a sample sequence 
(Q72FV4). As shown in this figure, user can upload the SPD3 for a given protein and submit it. 
The results will be then shown at the bottom of the page. For each lysine (shown as ‘K’) in the 
input protein sequence, iProtGly-SS predict if it undergoes Glycation or not. It also prints the 
Lysine and its neighboring amino acids with respect to the window size that is adopted for this 
model (which is equal to 35), the position of the lysine in the protein sequence, and if it is a 
Glycation site or not. iProtGly-SS is fast, very easy to use, and its generated output is 
straightforward and easy to interpret. 
 

 
Figure 2: iProtGly-SS and its prediction result for the sample sequence “Q72FV4” 

 



 
4. To generate SPD3, SPIDER 3.0 requires Position Specific Scoring Matrix (PSSM), which is 
generated as the output of PSI-BLAST. Generating PSSM is a time taking process (depend on 
the available computational resources). Hence, to maintain the simplicity of the usage, iProtGly-
SS uses SPD3 directly as an input. It also makes it faster. iProtGly-SS produces the output in less 
than 5 minutes, depending on the length of the input protein. It also makes it independent from 
those tools (SPIDER 3.0 and PSI-BLAST). iProtGly-SS is written in python, which also makes it 
easier to adjust and maintain the version control. User can write sprits to automatically upload the 
SPD3 files to generate the prediction output for more than one input protein sequence. 
 
Notes 
 
1. The query sequence should be in SPD3 format. It makes the preprocessing before submitting 
the job harder. We aim to adjust iProtGly-SS in its future versions to get the raw protein sequence 
as the input and generate SPD3 by itself. It can definitely make it easier for users to work. 
However, it also makes it much slower. As it was mentioned earlier, generating PSSM is a time 
taking process. In addition, it makes the version control harder since SPIDE 3.0 and PSI-BLAST 
consistency also needs to be checked. 
 
2. iProtGly-SS is just available as a web-based tool. Hence, to generate the Glycation prediction 
sites, proteins are required to be submitted online and one by one. We aim to implement future 
versions of iProtGly-SS as a standalone tool as well. It will make it easier to use it iteratively for 
more than one protein in an offline mode.  
 
3. iProtGly-SS also requires regular version control to make sure it is consistent with new versions 
of Python and the libraries that are used to implement it. 
 
4. As mentioned earlier, iProtGly-SS can work with the output of different tools that predicts the 
local structure of the proteins and secondary structure in specific as long as they are formatted 
similar to SPD3. However, its output will no longer be similar and will depend on the prediction 
accuracy of that tool for the protein secondary structure prediction task. 
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