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e Datasets used to generated prediction models and predicted CCS of susDat are avail-
able in Supplementary Table 51-S3 in Supplementary Table.zip.

*  Decision trees were converted to DOT file to be easy visualize by Graphviz. The files
can be accessed in DecisionTree.zip
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Figure S1. RSD of replicated chemicals: showed the relative standard deviation of CCS values
measured from different laboratories. The median of RSD was below 2%, which confirmed the
robustness of CCS measurement cross platforms and the possibility to merge all the dataset for
Machine learning.
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Figure S2. Classification GridSearchCV scores. Classification modeling scores of hyper-parmeters
optimization by GridSearchCV with 5 CV
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Figure S3. Distribution of predicted super class
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(c) Organic acids and derivatives
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(f) Direct CCS prediction

Figure S4. Regression modeling scores of hyper-parameters optimization by GridSearchCV: Class-
based CCS prediction model(a-e) and direct CCS prediction (f)



Feaure importances 0f Random Forest Classifier

0.014 4
0.012 4
0
(W) .
0 0.010
[is}
5
a 0.008
O
Y 0.006
=
=
15}
& 0.004 -
0.002 1
|
0.000 - Lo idl olam: oin i b -Hﬂ;..uJLd.l.lu..l_Lul. _d ]
0 200 400 600 800 1000
Features FPs 1024bits
Figure S5. Feature Importance of classification model
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Figure S6. Outliers with predicted Class, predicted CCS by Class-based and direct models
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(f) Direct CCS prediction

Figure S7. Regression modeling Feature Importances: Class-based CCS prediction model(a-e) and
direct CCS prediction (f). Common features were obtained the highest scores in different predicted
class and direct CCS prediction
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Figure S8. Example of most relevant features: Substructure example of common features plotted in
Figure S7 for predicted class and direct CCS prediction



