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1 Additional Machine Learning Results 

 

File S4 Table 1 shows confusion matrices of dividing peptides into 1st degree classifiable and 
unclassifiable, which complement Table 5 of the main text. 

 

Input dataset Prediction Actual binders Actual non-binders 
Whole training set  Binding 1,789 694 
 Non-binding 1,631 9,524 
1st degree classifiable Binding 2,609 46 
 Non-binding 90 8,177 
1st degree unclassifiable Binding 566 77 
 Non-binding 155 1,918 

File S4 Table 1. Confusion matrices of dividing peptides into 1st degree classifiable and unclassifiable. 
Number of respective predicted peptides when the classifier was 10-fold cross-validated on all the peptides in the 
original training set, or on peptides that the first one classified correctly (1st degree classifiable) or incorrectly (1st 
degree unclassifiable), respectively. All classifiers used the interpretable attributes and logistic regression. The 
numbers of correct predictions are underlined. 

 

 

 



2. Additional Position Weight Matrix (PWM) Results 

File S4 Figures 1 and 2 show the ratio PWM (binding versus non-binding peptides) of the 1st 
degree classifiable and unclassifiable peptides, respectively. These data were used to construct 
the heatmaps depicted in File S4 Figures 3 and 4. The colors clearly show the difference 
between the two groups: in File S4 Figure 3, the heat map for the 1st degree classifiable 
peptides, the amino acids Y, W, H, R, M, C and F show relatively strong pink saturation 
indicating stronger representation in positive peptids while the rest of the amino acids are 
labeled in cyan hues; in File S4 Figure 4, visualizing the result for 1st degree unclassifiable 
peptides, the opposite is the case. File S4 Figure 5shows the ratio PWM of the 2nd degree 
unclassifiable peptides depicted in Figure 6 of the main manuscript as a heat map. 

 

 

 

 

 

 

 

 

 

 

File S4 Figure 1: Ratio PWM of amino acids in 1st degree classifiable peptides that were "binding" versus those 
that were "not-binding" to IVIG antibodies  
Each component of the PWM corresponds to the ratio of the frequency of the occurrence of a given amino acid (row) at 
a given peptide position (column) in "binding" vs. "non-binding" peptides. Green shading represent amino acids that 
are more more abundant in "binding" peptides than in "non-binding" ones (threshold >2). In contrast red shading label 
amino acids that are more more abundant in "non-binding" peptides (threshold < 0.6). 

 

 

 

 

 

 

 

 

 

 
File S4 Figure 2: Ratio PWM of amino acids in 1st degree unclassifiable peptides that were "binding" versus 
those that were "not-binding" to IVIG antibodies  
Each component of the PWM corresponds to the ratio of the frequency of the occurrence of a given amino acid (row) at 
a given peptide position (column) in "binding" vs. "non-binding" peptides. Green shading represent amino acids that 
are more more abundant in "binding" peptides than in "non-binding" ones (threshold >2). In contrast red shading label 
amino acids that are more more abundant in "non-binding" peptides (threshold < 0.6).



 

 

File S4 Figure 3: Heat map for the 1st degree classifiable peptides in the training set. The rows represent the 
individual amino acids, the columns the positions within the 15mer peptide. The heat map color reflects the ratio 
between the PMW matrix values for the "binding" and the "non-binding" peptides in the set. Pink color indicates 
high propensity (overrepresentation in "binding" peptides), while blue color indicates low propensity 
(underrepresentation in "binding" peptides). Standard hierarchical clustering using Euclidean distance.was 
performed on rows and columns.  

 

File S4 Figure 4: Heat map for the 1st degree unclassifiable peptides in the training set. The rows represent 
the individual amino acids, the columns the positions within the 15mer peptide. The heat map color reflects the 
ratio between the PMW matrix values for the "binding" and the "non-binding" peptides in the set. Pink color 
indicates high propensity (overrepresentation in "binding" peptides), while blue color indicates low propensity 
(underrepresentation in "binding" peptides). Standard hierarchical clustering using Euclidean distance.was 
performed on rows and columns. 

 



 

 

 

 

 

 

 

 

 

 

 
File S4 Figure 5: Ratio PWM of amino acids in 2nd degree unclassifiable peptides that were "binding" versus 
those that were "not-binding" to IVIG antibodies  
Each component of the PWM corresponds to the ratio of the frequency of the occurrence of a given amino acid (row) at 
a given peptide position (column) in "binding" vs. "non-binding" peptides. Green shading represent amino acids that 
are more more abundant in "binding" peptides than in "non-binding" ones (threshold >2). In contrast red shading label 
amino acids that are more more abundant in "non-binding" peptides (threshold < 0.6). 

 
 
 
In contrast to the failure of the machine learning approach to further classify the 274 peptides  
initially found 2nd degree unclassifiable, the PWM-approach shows good performance (File 
S4 Figure 6) and only a very limited number of peptides were left even 3rd degree 
unclassifiable (see Figure 1 main manuscript) 
 
 
 

 
 
File S4 Figure 6: ROC curve performance chart for the prediction of "binding"\"non-binding" based on PWM 
scores. The input set consisted of only those peptides that were initially 2nd degree unclassifiable by machine 
learning ML-simple. For this set another round of machine learning did not lead to succesful further classification.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

3. MHC Class I and Class II Prediction Servers 

To test how a classifier meant for MHC class II T-cell epitopes predicts the epitopes in our 
dataset, we used the NetMHCIIpan 1.1 server [1]. The NetMHCIIpan server was found to be 
the best publicly accessible MHC class II peptide-binding-prediction server in a recent survey 
[2]. The server predicts binding to more than 500 HLA-DRB1, DRB3, DRB4 and DRB5 
alleles (different types of MHC class II molecules). We used it to predict the binding of 
peptides to the 10 most common HLA-DRB1 alleles in the USA population of European 
descent [3]: DRB1*1501, DRB1*0701, DRB1*0301, DRB1*0101, DRB1*0401, 
DRB1*1301, DRB1*1101, DRB1*1302, DRB1*0404, DRB1*1104. In addition, we 
considered alleles DRB3*0101, DRB4*0101 and DRB5*0101. For each peptide, we used the 
maximum of the 13 binding affinities as the final prediction. 

Furthermore, we used a classifier for MHC class I T-cell epitopes: NetMHC 3.2 [4]. The 
NetMHC server was found to be the best publicly accessible MHC class I peptide-binding-
prediction server in another recent survey [5]. The server predicts binding to 57 HLA-A and B 
alleles, and some animal alleles (different types of MHC class I molecules). We used it to 
predict the binding of peptides to the 10 most common HLA-A and B alleles in the USA 
population of European descent [3]: A*0201, A*0101, A*0301, B*0702, B*0801, B*4402, 
A*2402, B*1503, B*3501, B*4001. For each peptide, we used the maximum of the 10 
binding affinities as the final prediction. 

The peptides containing the amino acids Z and X (335 peptides) and the peptides longer than 
15 amino acids (5 peptides) were not classified by the MHC servers. These peptides constitute 
2.5 % of the training set. 
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