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Abstract 
A great challenge in structural proteomics is to predict disordered region or 

disordered residues, which has significant implications in experimental studies. An extended 
disordered regions in protein is often difficult as they can be challenging to express, purify 
and crystallize the protein. Commendable works on development of protein disorder 
prediction has taken place since last few decades. Predictor of Natural Disordered Regions 
(PONDR) is once such widely used reliable protein disorder predictor. PONDR has several 
disorder prediction algorithms (VLXT, XL1_XT, VL3, VSL2 and CAN-XT).  The article 
presents the assessment of PONDR disorder region prediction algorithms with CASP10 
targets.  The evaluation was based on the six measures  i.e Sensitivity, Specificity, Precision, 
Accuracy, Mathew Correlation Coefficient (MCC)and Area under the ROC Curve. The result 
shows VSL2 algorithm delivers significantly better or moderate performance than other 
PONDR algorithms. 
Index Terms—Proteins,Prediction algorithms, Software tools, Sensitivity and specificity, 
Accuracy 

Introduction 
some proteins or particular regions of proteins lacks a well-defined tertiary structure in their 
native state or ordered three-dimensional structure. Such proteins are called as intrinsically 
disordered proteins and likewise the unstructured regions are called as intrinsically disordered 
protein regions[1]. 

A  systematic  analysis  of  intrinsic  disorder  in  proteins  started  at  the  turn  of  the  
century  and  still  remains  a  hot research  topic. PubMed search with the  keywords  
“intrinsically disordered protein” returned continuously growing number of publications from 
2009 to 2019 (as of 30th December 2019).  The number of experimentally verified 
intrinsically disordered proteins and regions are also gradually increasing. 
The reason behind increase in the studies of intrinsic  disorder  in  proteins is because 
Intrinsically  disordered  regions  have  been  shown   to  be  involved  in a  variety  of  
functions including  the  following: DNA/RNA/protein recognition, Modulation of 
specificity/affinity of protein binding, Molecular threading, Activation by cleavage[2], apart 
from the involvement in various functions, intrinsic  disorder  in  proteins has significance in 
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Evolutionary and Adaptation Studies [3-7], in Disease Related Studies [8-12], in Drug 
Discovery [13-16], in Protein Structure Determination [17,18].  
 

 
Fig. 1. Number of publications relating to “intrinsically disordered protein” on PubMed 
from January 2009 to December 2019. 
 
Looking into the significance of disordered regions of proteins in various domains, various 
disorder region prediction methods have been developed. The first disorder predictor was 
published in 1997 [19], by 2009 more than 50 predictors of disorder have been developed 
[20] and the last review on disorder predictors shows it has reached 70 [21]. 
Among all the predictors, PONDR family of predictors [22-26] are found to produce 
consistent and reliable prediction and has evidence of supporting experimental studies [17].  
We have evaluated the performance of PONDR VLXT, XL1_XT, VL3, VSL2, and CAN-XT 
with CASP 10 targets in predicting the disordered residues. 
 
2  MATERIALS AND METHOD 
2.1 Test Set 
We have chosen the test data for evaluation of our disorder prediction model very carefully. 
The disorder predictors need to evaluate their accuracy based on the CASP targets released 
after every two years [27]. Hence the PONDR predictors has been tested with 94 targets as 
released in CASP 10 experiment. 
 
2.2 Evaluation Criteria 
2.2.1Binary  metrics 

For  evaluation  of  disorder  predictors  as  binary  classifiers  we  used the (a) Sensitivity 
=TP/(TP+FN), (b) Specificity = TN/(TN+FP) (c) Precision= TP/(TP+FP) , (d) Balanced 
Accuracy (Acc) = (Sensitivity+Specificity)/2,  (e) MCC = (TP.TN-
FP.FN)/√((TP+FP)(TP+FN)(TN+FP)(TN+FN)) 

Here, TP (True Positives) is disorder residue predicted to be disordered and TN (True 
Negatives) is ordered residue predicted to be ordered, FP (False Positives) is ordered residue 
predicted to be disordered and FN (False Negatives) is disordered residue which are predicted 
as ordered. 
2.2.2 Probability-based metrics  
The  accuracy of  identifying  disorder  by  assigning  per-residue  disorder  confidence  scores  
can  be  evaluated  by  the  Receiver  Operating Characteristic(ROC). A  classical  ROC  curve  
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represents  a  monotonic  function  describing  the balance  between  the  true  positive  and  
false  positive  rates  of  a  predictor. For  a  set  of probability  thresholds (from 0 to 1), a  
residue  is  considered  as  a  positive  example (disordered) if  its  predicted  probability  is  
equal  to  or  greater  than  the  threshold  value. The  area  under  the  curve (AUC, or 
AUC_ROC) is  used  as  an  aggregate  measure  of  the overall  quality  of  a  prediction  
method. A  value  of 1 corresponds  to  a  perfect  classifier, while  0.5 indicates  a  random  
prediction. Note  that  the  ROC  curve  analysis  works  best  for the  probability  estimates  
that  are  evenly  distributed  throughout  the  range  of  the  allowed values.  (AUC_ROC) is  
the  only  one  use  to  describe  the  probability-based  evaluation  results . 
 
3  RESULTS 
We have analyzed 24168 residues of 94 targets released in CASP 10 experiment with PONDR 
predictors for Per-residue predictions and we found true positives, true negatives, false 
positives and false negatives for each PONDR predictors. The result is given in Table I. 
 

TABLE I 
PER-RESIDUE PREDICTIONS OF PONDR PREDICTORS ON CASP 10 TARGETS. 

 
PREDICT

ORS TP TN FP FN 

VLXT 614 18209 4446 899 
XL1_XT 521 15527 7127 992 

VL3 432 21250 1405 1081 
VSL2 884 18615 4040 629 

CAN-XT 301 18574 4081 1212 
The binary and probability based metrics has been computed as per section B in materials and 

method section and the result is given in Table II. 
TABLE II 

COMPARISON OF PONDR DISORDER PREDICTORS BASED ON BINARY AND PROBABILITY BASED 
METRICS 
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TABLE III 
RANKING OF PONDR PREDICTORS 

 
 
 

 
 
 
 
 
 
 
 
 
 
For each group, Table II and III reportsthe assessm 
ent scores (Sensitivity, Specificity, Precision, Accuracy, MCC and AUC_ROC) and the rank of 
the PONDR predictors. 

 

 
Fig.2. Sensitivity Comparison of PONDR Predictors

 
Fig. 3. Sensitivity Comparison of PONDR Predictors 
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Fig. 4.Precision Comparison of PONDR Predictors 

 

 
Fig. 5.Accuracy Comparison of PONDR Predictors 

 

 
 

Fig. 6. MCC Comparison of PONDR Predictors 
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Fig. 7. AUC Comparison of PONDR Predictors 
 

 
Fig. 8. Comparative ROC Curve Analysis of PONDR predictors. 

 
Table II shows that VSL2  is  the  best  performing  algorithm with sensitivity 0.584 followed 
by VLXT with sensitivity 0.406, whereas VL3 found to have highest specificity i.e 0.938 
followed by VSL2 i.e 0.822 and VL3 also found to have highest precision of 0.235 followed by 
VSL2 i.e 0.180. In terms of accuracy VSL2 once again outperformed other algoritms with 
accuracy 0.703 and has significantly higher MCC value i.e 0.244.  The ROC Analysis shows 
VSL2 has highest AUC value 0.703 which assures orverall prediction capability of VSL2 in 
comparison to other PONDR predictors.  
 
4 CONCLUSION 
Significant application of disorder prediction has increased in last decade, hence the necessity 
to make quick and accurate predictions has also increased. There are many disorder prediction 
tools and PONDR is one of the widely used disorder prediction by experimental biologists. 
Therefore frequent accuracy assessment of PONDR is required with various data set. Our 
assessment of PONDR disorder prediction algorithm shows VSL2 is reliable disorder 
prediction algorithm among all other PONDR algorithms. 
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