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List of RDKit descriptors used in this study

'Chi0', 'ChiOn', 'ChiOv', 'Chil', 'Chiln', 'Chilv', 'Chi2n', 'Chi2v', 'Chi3n', 'Chi3v', 'Chidn', 'Chidv',
'EState_VSA1', 'EState_VSA10Q', 'EState_VSA11', 'EState VSA2', 'EState VSA3', 'EState_VSA4',
'EState_VSAS', 'EState_VSA6', 'EState VSA7', 'EState_VSAS8', 'EState VSA9', 'FractionCSP3',
'HallKierAlpha', 'HeavyAtomCount', 'lpc', 'Kappal', 'Kappa2', 'Kappa3', 'LabuteASA', 'MolLogP',
'MolIMR', 'MolWt', 'NHOHCount', 'NOCount', 'NumAliphaticCarbocycles',
'NumAliphaticHeterocycles' , 'NumAliphaticRings', 'NumAromaticCarbocycles',
'NumAromaticHeterocycles' , 'NumAromaticRings', 'NumHAcceptors', 'NumHDonors',
'NumHeteroatoms' , 'NumRotatableBonds', 'NumSaturatedCarbocycles',
'NumSaturatedHeterocycles', 'NumSaturatedRings', 'PEOE_VSA1', 'PEOE_VSA10', 'PEOE_VSA11',
'PEOE_VSA12', 'PEOE_VSA13', 'PEOE_VSA14', 'PEOE_VSA2', 'PEOE_VSA3', 'PEOE_VSA4',
'PEOE_VSA5', 'PEOE_VSAG6', 'PEOE_VSA7', 'PEOE_VSAS8', 'PEOE_VSA9', 'RingCount', 'SMR_VSA1',
'SMR_VSA10', 'SMR_VSA2','SMR_VSA3', 'SMR_VSA4', 'SMR_VSA5', 'SMR_VSA6', 'SMR_VSA7',
'SMR_VSA8', 'SMR_VSA9', 'SlogP_VSA1', 'SlogP_VSA10', 'SlogP_VSA11', 'SlogP_VSA12',
'SlogP_VSA2', 'SlogP_VSA3', 'SlogP_VSA4', 'SlogP_VSA5', 'SlogP_VSA6', 'SlogP_VSA7', 'SlogP_VSAS8'
, 'SlogP_VSA9', 'TPSA', 'VSA_EStatel', 'VSA_EStatel0Q', 'VSA_EState2', 'VSA_EState3', 'VSA_EStated'
, 'VSA_EState5', 'VSA_EState6', 'VSA_EState7', 'VSA_EState8', 'VSA_EState9'

Modeling results using random forest and 100 trees.

Table S1. Validity for RDKit model using 100 trees at different confidence levels. The results display a
strong tendency towards over conservative predictions.

Conf.Ilvl 70 75 80 85 90

AID Toxic Non- | Toxic Non- | Toxic Non- |Toxic Non- | Toxic Non-
toxic toxic toxic toxic toxic

463 0.761 0.751 |0.827 0.805 |0.865 0.850 [0.918 0.896 [0.972 0.937

1486 0.724 0.784 |0.785 0.825 |0.857 0.873 [0.932 0.909 |0.993 0.943
1825 0.743 0.778 |0.803 0.828 |0.866 0.866 [0.933 0.909 |0.988 0.942

598 0.724 0.714 |0.778 0.765 |0.829 0.814 |0.880 0.864 |0.929 0.911
648 0.741 0.755 |0.795 0.798 |0.844 0.841 |[0.892 0.884 |0.957 0.923
719 0.760 0.745 |0.800 0.800 [0.858 0.848 [0.912 0.887 |0.966 0.927
847 0.856 0.790 [0.948 0.844 |0.995 0.887 |1 0.920 |1 0.950
903 0.775 0.725 |0.760 0.827 |0.828 0.870 |0.902 0.900 |0.988 0.934

504648 0.902 0.703 [0.822 0.924 |0.940 0.937 |0.985 0.947 |0.998 0.956
588856 0.733 0.777 [0.790 0.827 |0.847 0.865 |0.924 0.899 |0.990 0.935
624418 0.765 0.908 [0.891 0.931 |0.958 0.945 |0.994 0.955 |1.000 0.963

430 0.731 0.740 |0.786 0.787 |0.839 0.834 |0.902 0.879 |0.946 0.921
620 0.745 0.796 |0.835 0.837 |0.934 0.886 [0.986 0.923 |1 0.947
602141 0.739 0.825 [0.793 0.848 |0.869 0.870 |0.958 0.915 |0.995 0.945
2275 0.694 0.791 [0.751 0.815 |0.824 0.848 |0.881 0.898 |1 0.931

2717 0.736 0.756 |0.787 0.800 |[0.842 0.838 [0.893 0.882 |0.944 0.922

Correlation between RDKit descriptors and assay outcome

For each dataset we list the ten descriptors with highest absolute Person correlation to the assay
outcome.



AID 463

MolLogP 0.053
NumAromaticRings 0.049
FractionCSP3 -0.047
NumAromaticCarbocycles 0.040
NumSaturatedHeterocycles -0.033
HallKierAlpha -0.030
NumAliphaticRings -0.027
EState_VSA2 -0.027
NumAliphaticHeterocycles -0.023
NumAromaticHeterocycles 0.023

AID 1486

EState_VSA8 0.067
NumHeteroatoms -0.045
NOCount -0.043
NumHAcceptors -0.041
EState_VSA2 -0.039
EState_VSA10-0.038
MolLogP 0.037
PEOE_VSA2 -0.035
SMR_VSA3 -0.032
EState_VSA3 -0.028

AID 598

MollLogP 0.171
NumAromaticRings 0.151
RingCount 0.134

MolMR 0.128

SMR_VSA7 0.126
HallKierAlpha -0.122
NumAromaticCarbocycles 0.121
Chi10.120

LabuteASA 0.119
HeavyAtomCount 0.118

AID 648

MolLogP 0.092

MolMR 0.066

RingCount 0.064
NumAromaticRings 0.061
NumAromaticCarbocycles 0.061
LabuteASA 0.061

Chil 0.060
HeavyAtomCount 0.059
MolWt 0.059

SMR_VSA7 0.058

AID 719
MolLogP 0.072
NumAromaticRings 0.056



SMR_VSA7 0.051
NumAromaticCarbocycles 0.050
RingCount 0.049

MolIMR 0.048

MolWt 0.044

LabuteASA 0.044

Chi1 0.043

HeavyAtomCount 0.043

AID 847

MolWt 0.026
NumHeteroatoms 0.026
Chi0 0.025
HeavyAtomCount 0.024
Chi1 0.023

LabuteASA 0.023

ChiOv 0.023

Chilv 0.023

MolMR 0.023

Kappal 0.022

AID 903

Kappal -0.064
Kappa2 -0.061
Chi0 -0.058

ChiOv -0.058
MolWt -0.058
ChiOn -0.056
LabuteASA -0.056
HeavyAtomCount -0.054
Chil-0.053

Chiln -0.052

AID 504648
EState_VSA8 0.028
SMR_VSA4 0.020
Chi4n 0.019

Chi3n 0.018

Chi2n 0.017

MolMR 0.016

Chi0 0.016
HallKierAlpha -0.016
HeavyAtomCount 0.016
EState_VSA1 0.015

AID 588856

MolLogP 0.054

Estate_VSA8 0.037

PEOE_VSAG6 0.037

SMR_VSA7 0.031
NumAromaticCarbocycles 0.030
MolMR 0.024



NumAromaticRings 0.023
Estate_VSA4 0.021
FractionCSP3 0.020
LabuteASA 0.020

AID 624418
EState_VSA8 0.018
EState_VSA2 -0.015
EState_VSA10 -0.015
EState_VSA9 0.013
NOCount -0.013
EState_VSA3 -0.012
FractionCSP3 -0.012
NumRotatableBonds -0.012
MolLogP 0.011
EState VSA6 -0.010

AID 430

MolLogP 0.108
NumAromaticRings 0.080
NumAromaticCarbocycles 0.061
MolMR 0.059

MolWt 0.056

LabuteASA 0.055

Ipc 0.055

HallKierAlpha -0.055

Chil 0.054

FractionCSP3 -0.054

AID 620

MolLogP 0.038
NumAromaticCarbocycles 0.027
FractionCSP3 -0.027
NumAromaticRings 0.022
EState_VSA9 0.018
EState_VSA7 0.016
NumSaturatedHeterocycles -0.015
HallKierAlpha -0.014
EState_VSA2 -0.014

MolMR 0.013

AID 602141

MolLogP 0.038
NumAromaticRings 0.026
SMR_VSA7 0.024
SMR_VSA10 0.023
NumAliphaticCarbocycles 0.022
Chidn 0.022
FractionCSP3 -0.021
MolIMR 0.021

LabuteASA 0.021

MolWt 0.021



AID 2275

NumSaturatedRings 0.155
NumAliphaticRings 0.131
NumAliphaticCarbocycles 0.128
SMR_VSA5 0.120
NumSaturatedHeterocycles 0.120
NumSaturatedCarbocycles 0.116
Chi4n 0.106

SMR_VSA4 0.105

EState_VSA1 0.104

Chi3n 0.081

AID 2717

MolLogP 0.107
PEOE_VSAG6 0.064
NumAromaticCarbocycles 0.060
SMR_VSA7 0.058
NumAromaticRings 0.058
EState_VSA8 0.055
MolMR 0.055

LabuteASA 0.048

MolWt 0.046

ChiOv 0.044

Distribution of assay data
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Figure S1. Distribution of raw assay data. Either measured as percent inhibition or percent cell
viability depending on assay

Molprint2D Results

Table S5. Accuracy on the single class predictions and coverage for the models built using Molprint2D

descriptors at 70 and 80 % confidence levels.

70 % 80 %

Accuracy Accuracy
non- Coverage Accuracy Coverage | non- Coverage Accuracy Coverage

AID toxic non-toxic toxic toxic toxic non-toxic toxic toxic

463 77.2 92.4 79.3 95.2 77.4 81.7 83.5 87.4
1486 72.8 98.2 73.1 98.7 74.3 68.1 79.2 82.4
1825 84.8 86.0 82.7 89.8 80.7 90.6 83.2 93.6
598 75.7 92.8 78.8 94.1 77.3 84.5 81.2 86.8
648 80.1 89.5 80.3 91.6 79.1 87.3 81.6 90.2
719 75.1 95.9 76.5 96.4 76.8 76.7 82.1 84.0
847 47.0 49.3 67.9 56.2 14.4 19.2 94.3 36.1
903 91.9 80.5 86.7 84.6 83.8 97.7 84.9 98.2
504648 90.5 94.6 77.8 94.7 87.3 85.0 81.6 92.5
588856 79.0 92.7 77.8 94.5 78.6 81.1 81.9 87.5




624418 87.8 95.4 72.6 95.4 81.0 53.4 85.9 77.1
430 77.0 92.2 79.5 91.8 77.8 84.2 81.3 87.4
620 74.3 96.0 74.4 95.6 73.8 60.5 86.5 73.4

602141 85.6 89.1 80.1 92.1 82.8 88.9 81.3 93.2

2275 86.2 83.2 84.7 81.3 80.4 96.3 80.9 97.4
2717 84.3 85.0 84.9 87.5 80.4 94.9 83.1 96.3

Number of trees and model validity

Previous studies applying conformal prediction have used RFs consisting of 100 trees with good
results.>52 However, when applied to the data sets in this study the resulting validities were over-
conservative, i.e. the validity is above the set confidence level (Table S1). This has previously been
observed for aggregated conformal predictors as well as being reported as an effect when the
number of calibration examples is small, which may sometimes be the case for the minority class in
this study.>35> Too conservative models may pose a problem since the increase in validity can
generate a decrease in the efficiency of the classifier. Using the data from AID 2275 we investigated
how the number of trees affected the validity of the predictions, the results are shown in Figure S1.
When using only 20 trees the validity was 95.1 % but as the number of trees increases the model
validity approaches the set confidence level of 80 % with a validity of 80.6 % for 1000 trees. This was
largely due to fewer and fewer compounds being assigned to the both class as the number of trees
increased. Based on the results we decided on using 500 trees as the model had a validity of 81.3 %

and this was deemed an appropriate balance between validity and computational time.
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Figure S1. Validity of the predictions for AID 2275 at 80 % confidence level using different numbers of
trees in the RF. The solid line indicates target performance for the 80 % confidence level. As the

number of trees increases the obtained validity approaches the set confidence level.
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Overlapping compounds between the different data sets

Table S2. Overlap of tested compounds between the different data sets.

AID 463 1825 1486 847 598 648 719 | 588856 | 624418 | 504648 903 620 430 | 602141 2717 | 2275
463 | 56485 | 54869 | 54833 | 34230 | 52080 | 52938 | 51795 | 54809 | 53153 | 41378 | 2541 | 55173 | 54006 | 54582 | 49761 961
1825 | 54869 | 290731 | 217964 | 40133 | 83541 | 84474 | 83224 | 286272 | 271744 | 217456 | 13365 | 84204 | 60798 | 285490 | 265906 | 3736
1486 | 54833 | 217964 | 217964 | 40133 | 83524 | 84457 | 83207 | 213872 | 202361 | 161460 | 11512 | 84145 | 60762 | 212981 | 198860 | 3167
847 | 34230 | 40133 | 40133 | 41169 | 37690 | 38448 | 37788 | 39769 | 38546 | 29777 | 1939 | 39944 | 38872 | 39564 | 36047 801
598 | 52080 | 83541 | 83524 | 37690 | 85201 | 85201 | 83921 | 82996 | 80074 | 62647 | 7530 | 80733 | 57615 | 82658 | 75657 | 1578
648 | 52938 | 84474 | 84457 | 38448 | 85201 | 86160 | 84880 | 83924 | 80959 | 63337 | 7559 | 81687 | 58523 | 83583 | 76498 | 1592
719 | 51795 | 83224 | 83207 | 37788 | 83921 | 84880 | 84880 | 82687 | 79757 | 62385 | 7469 | 80407 | 57360 | 82353 | 75368 | 1569
588856 | 54809 | 286272 | 213872 | 39769 | 82996 | 83924 | 82687 | 404288 | 382224 | 291391 | 52622 | 83851 | 60682 | 358597 | 296840 | 4779
624418 | 53153 | 271744 | 202361 | 38546 | 80074 | 80959 | 79757 | 382224 | 386666 | 278938 | 51529 | 80903 | 58845 | 340552 | 282111 | 4528
504648 | 41378 | 217456 | 161460 | 29777 | 62647 | 63337 | 62385 | 291391 | 278938 | 292454 | 40138 | 63231 | 45801 | 258183 | 225873 | 3626
903 | 2541 | 13365 | 11512 | 1939 | 7530 | 7559 | 7469 | 52622 | 51529 | 40138 | 52789 | 7913 | 2790 | 13218 | 12030 120
620 | 55173 | 84204 | 84145 | 39944 | 80733 | 81687 | 80407 | 83851 | 80903 | 63231 | 7913 | 86742 | 60270 | 83448 | 76336 | 1582
430 | 54006 | 60798 | 60762 | 38872 | 57615 | 58523 | 57360 | 60682 | 58845 | 45801 | 2790 | 60270 | 62655 | 60411 | 55093 | 1234
602141 | 54582 | 285490 | 212981 | 39564 | 82658 | 83583 | 82353 | 358597 | 340552 | 258183 | 13218 | 83448 | 60411 | 359231 | 295880 | 4733
2717 | 49761 | 265906 | 198860 | 36047 | 75657 | 76498 | 75368 | 296840 | 282111 | 225873 | 12030 | 76336 | 55093 | 295880 | 300111 | 4155
2275 961 3736 3167 801 | 1578 | 1592 | 1569 4779 4528 3626 120 | 1582 | 1234 4733 4155 | 29940




Table S3. Overlap of toxic compounds between the different data sets.
AID 463 1825 | 1486 847 598 648 719 | 588856 | 624418 | 504648 903 620 430 | 602141 | 2717 | 2275
463 | 706 201 246 20 383 60 110 28 6 12 0 147 234 24 42 3
1825 | 201 2259 827 11 271 72 120 225 51 84 5 176 171 195 300 10
1486 | 246 827 2409 11 310 80 138 158 51 72 5 187 171 128 207 10
847 | 20 11 11 194 56 31 37 15 3 7 1 12 40 13 20 0
598 | 383 271 310 56 5140 | 676 747 212 46 41 10 260 562 122 266 6
648 | 60 72 80 31 676 925 396 118 18 37 5 76 165 75 184 0
719 | 110 120 138 37 747 396 937 125 29 36 5 125 165 90 155 2
588856 | 28 225 158 15 212 118 125 3021 90 122 35 38 61 344 429 4
624418 | 6 51 51 3 46 18 29 90 526 57 4 11 9 66 55 0
504648 | 12 84 72 7 41 37 36 122 57 606 5 17 20 102 88 3
903 | 0 5 5 1 10 5 5 35 4 5 338 4 1 13 2 0
620 | 147 176 187 12 260 76 125 38 11 17 4 364 157 42 43 4
430 | 234 171 171 40 562 165 165 61 9 20 1 157 1122 | 36 112 4
602141 | 24 195 128 13 122 75 90 344 66 102 13 42 36 1302 282 7
2717 | 42 300 207 20 266 184 155 429 55 88 2 43 112 282 3187 14
2275 | 3 10 10 0 6 0 2 4 0 3 0 4 4 7 14 193




Table S4. Number of times each toxic compound has been tested vs. the number of times it has displayed toxicity.
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