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Motivation 

• ID of metabolites is still the bottleneck of metabolomics 

• A usual first step is annotation with metabolites from different DBs 

• Depending on the employed MS a lot of false positive annotations exist 

• Also true for (ultra)high resolution instruments 

ü problem of isomers and isobars 

ü orthogonal information needed Ą use RT 
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Chromatographic conditions 

• HILIC separation on 4 different columns (all 150 x 2.0 mm ID) 

• YMC Triart Diol 

• Waters BEH Amide 

• Nucleodur HILIC (sulfobetaine) 

• Water BEH HILIC 

• Mobile Phases 

• A: 95% ACN, 5% Water, 5 mM HCOONH4, pH*=6.4 

• B: 40% ACN, 60% Water, 5mM HCOONH4, pH*=3.7 

• t0 = tR of cholesterol 

• 130 compounds from different metabolite classes 

time %B 
0 100 
4 100 
20 0 
22 0 
22.01 100 
30 100 



Modeling environment 

• Prediction of physicochemical properties/descriptors using ChemAxon 

Technology, RCDK R package and OCHEM 

• logD, molecular volume, charge, Hy-factor, etc… 

• After filtering 129 properties/descriptors remained and were used 

• Modeling in R environment 

• Different algorithms (MLR, SVM, RF) with 

• No cross-validation 

• Leave-one-out cross validation 

• Model metrics 

• R² and RMSE 

• Max. abs. and rel. error. (no CV) 

• Distribution of abs. and rel. error (CV) 
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Overview on dataset 



Modeling results – R² 

R² 
No CV CV 

MLR SVM RF MLR SVM RF 

Amide 0.97 0.94 0.977 
0.976-
0.980 

0.939-
0.947 

0.976-
0.98 

Silica 0.966 0.93 0.97 
0.974-
0.976 

0.931-
0.942 

0.974-
0.977 

Diol 0.966 0.93 0.974 
0.974-
0.977 

0.936-
0.945 

0.974-
0.977 

Zwitter 0.963 0.933 0.974 
0.972-
0.975 

0.932-
0.941 

0.972-
0.975 

Min – Max R² of 130 models 

training models 
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No CV CV 

MLR SVM RF MLR SVM RF 

<10 81 76 74 30 43 50 

<25 29 20 28 35 28 24 

<50 11 13 16 22 20 20 

<100 6 15 10 19 24 21 

>= 
100 

3 6 2 24 5 15 
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No CV CV 

MLR SVM RF MLR SVM RF 

<10 67 73 71 26 29 47 

<25 35 22 31 28 38 26 

<50 17 7 17 22 22 23 

<100 10 22 9 22 27 14 

>= 
100 

1 6 2 32 17 20 
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No CV CV 

MLR SVM RF MLR SVM RF 

<10 67 72 75 31 32 46 

<25 28 23 25 22 31 25 

<50 19 12 15 20 26 23 

<100 14 17 12 24 26 16 

>= 
100 

2 6 3 33 15 20 
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No CV CV 

MLR SVM RF MLR SVM RF 

<10 65 64 71 10 31 47 

<25 34 21 30 46 33 26 

<50 12 20 12 21 19 24 

<100 14 20 13 15 23 14 

>= 
100 

5 5 4 38 24 19 

Amide Silica 

Diol Zwitterionic 



Amide Silica 

Diol Zwitterionic 
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Amide column 

Rel. error 
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Amide column 
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Amide column  & Random Forests 
Performance in filtering FP 
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Amide column  & Random Forests 
Performance in filtering FP 
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Amide column  & Random Forests 
Performance in filtering FP 
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Two distributions – Two models? 
 



Two distributions – Two models? 
Peaks tR < 7.5 min 
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Two distributions – Two models? 
Peaks tR > 7.5 min 

RF
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Conclusion 

• Different algorithms give very different results 

• Random forests give best results 

• QSRR will be useful tool for metabolomics, but… 

• Prediction and model accuracy need to be improved 

• Systematic error correlating with tR 

ü Prediction in aqueous medium, shift of pKa with ACN content, e.g. 2,4-
Dihydroxybenzoic acid pKa shifts about 0.2 pKa units per 10% ACN 

ü Correction function for prediction? 

ü Very class/substance specific? 

ü Several predicted properties are dependent on pKa 

• Next steps:  

• Comparison with ANN 

• Application to more public available datasets for further validation 
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