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Supplementary methods

Details regarding the different machine learning methods used in this study.

Linear Regression (LR)

In the previous RASPD approach”, the simplifying assumption was made that the depen-
dent variable y, binding free energy, follows the physicochemical features x with a linear
relationship. Therefore, all contributions behave purely additively. The parameters w and
b in such a linear regression model (eqn. can be fit to the data with the ordinary least
squares algorithm.
Nfeatures

g=wl -z +b= fz w; - x; +b (1)

Thus, if the features are linearly independent and possess a linear relationship with the

output value, the coefficients w are informative about the relationship of the features to the

predicted value in the model.

k-Nearest Neighbor (kNN)

A naive way to capture nonlinear relationships between the input features  and the output
value y is to rely on a nearest-neighbor based approach to assign the binding free energy
values of the closest training examples in feature space. As Euclidean distance is most com-
monly used, no explicit prioritization of features is enforced but dependent on the separation
of training data points in the feature space. A tunable hyperparameter controls how many

of the k closest neighbors are averaged to obtain a prediction 7.

Support Vector Regression (SVR)

Another approach to achieve separation based on distance in the feature space is support

8

vector regression®. Here, a regression function is described based on the inner product of



the input features and a set of the training examples, the support vectors. Regularization
is applied to minimize the contribution of support vectors within an error margin e allowing
to tune the bias-variance trade-off with an additional regularization parameter C'. The
necessary inner product can be computed not only linearly on the feature space but also in
a high dimensional space using a kernel function as a similarity measure, thus allowing for
nonlinear models. The most common kernel is the radial basis function (rbf) which decays

with distance in feature space according to a Gaussian density function.

Neural Networks — Deep Learning (DNN)

Neural networks introduce nonlinearity and the ability to capture complex relationships
by stacking multiple layers of linear matrix multiplication operations interleaved with a

nonlinear function f.

ho =X (2)
for n layers
hi = f(wihi—1 + b;)

y:hn

Such a nonlinear activation function f could simply be a Rectified Linear Unit (ReLU)® or
an Ezponential Linear Unit (ELU)™ which has the additional benefit of being continuous

and smooth.

ReLU(x) = max(0, z) (3)

T ifxz>0
ELU(z) = (4)

e —1 otherwise



The number and size of these layers have to be chosen according to the complexity
of the problem. To avoid overfitting, dropout regularization™ with an additional dropout
probability hyperparameter can be adopted. Training of the neural network models was

t12 with mean squared error as the

performed using mini-batch stochastic gradient descen
loss function. This leads to the additional training hyperparameters of batch size, learning

rate, and the number of epochs (full iterations over the training set).

Random Forests — Decision Tree Ensembles

Decision trees try to separate data by recursively finding features and thresholds that split
the data into two groups with the most dissimilar output value, which are on the other
hand as similar as possible within each group. As single decision trees tend to overfit the
training data, several weak decision tree regressors are combined in their predictions by
bagging resulting in random forests (RF)™. To generate independent regressors based on
the same training data, two strategies are used: In the original random forest implementation,
bootstrap samples of the training data for each tree increase diversity*®. Another approach
termed extremely random forests (eRF) or extra trees sets the decision boundary for a given
feature at random"®. Thus, the algorithm only picks the best-separating feature given the
random boundary rather than additionally computing the best boundary. In both methods,
only a random subset of the available features is used at each branch point when searching for
the best-separating feature. To control the bias-variance trade-off, several hyperparameters
can be set: The number of trees controls the achievable bias and regularizes the variance
until the number of trees exceeds the number of truly independent tree samples. The method
by which subsets of features are chosen determines how diverse or random the resulting trees
are. Additionally, the number of splits can be controlled by a limit to how many samples

can be placed in a leaf node.
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Table SI 1:

Content and origin of the datasets of protein-ligand complexes from D3R
(drugdesigndata.org)? - CSAR12 and CSARI14 - and from Wang et al.”

Data set Protein target PDB ID # ligands Source of ligand structures and experimental
affinities
CSARI12 Urokinase 5YC6 35 https://drugdesigndata.org/php/
file-download.php?type=extended&id=76
CDK2-Kinase  1H1Q 25 https://drugdesigndata.org/php/
file-download.php?type=extended&id=99
CDK2-CyclinA  4GCJ 23 https://drugdesigndata.org/php/
file-download.php?type=extended&
1d=111
CHKI1-Kinase  2YEX 110 https://drugdesigndata.org/php/
file-download.php?type=extended&id=70
ERK2 477N 298 https://drugdesigndata.org/php/
file-download.php?type=extended&id=71
LpXc 3UHM 20 https://drugdesigndata.org/php/
file-download.php?type=extended&id=73
CSAR14 SYK 5LMA 583 https://drugdesigndata.org/php/
file-download.php?type=extended&id=74
tRMD 4YQD 31 https://drugdesigndata.org/php/
file-download.php?type=extended&1d=75
HSP90 4YKU 146 https://drugdesigndata.org/php/
file-download.php?type=extended&
1d=100
Wang et al. BACE 4DJW 36 Ligand 2D-structure:'?; experimental param-
eters: SI of?
CDK2 1H1Q 16 Ligand 2D-structure:'%; experimental param-
eters: SI of“
MCL1 4HW3 67 Ligand 2D-structure:*%; experimental param-
eters: SI of?
p38 3FLY 34 Ligand 2D-structure:'®; experimental param-
eters: SI of?
PTP1B 2QBS 48 Ligand 2D-structure:; experimental param-
eters: SI of*
Thrombin 27FF 11 Ligand 2D-structure:??; experimental param-
eters: SI of
TYK2 A4GIH 71 Ligand 2D-structure:#*%2: experimental pa-

rameters: SI of?2
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Table SI 2: Hyperparameters evaluated for the different machine learning methodologies.
The combinatorial space was explored by a naive grid search over all reasonable combinations.
The most frequently chosen hyperparameter configuration is indicated in bold font.

Model Parameter Values
(DSVR C 0.01, 0.1, 1, 10
€ 0, 0.1
Kernel linear, gaussian rbf
kernel parameter ~y scikit-learn auto
kNN &k 1, 5, 10, 20
distance metric Euclidean(L2)
RF Number of trees 20, 100, 200
Ratio of features logs, sqrt
min. number of samples 1, 3,5
per leaf
eRF Number of trees 20, 100, 200
Ratio of features logs, sqrt
min. number of samples 1, 3,5
per leaf
DNN Number of hidden layers 2,3
Activation Function ReLU, ELU
Dropout Probability 0, 0.1, 0.2
Hidden layer size 10, 20, [layer 1: 20,
layer 2: 10]
Optimizer SGD, Adam
Learning rate 0.01, 0.003, 0.001
Loss function MSE

Initializer

variance scaling (1/a/fan-in)

a = 1,2, normal/uniform
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Table SI 3: Values of the Spearman correlation between the protein and ligand descriptors
and AG in the PDBbind refined data set”. The highest correlation is observed for MR and
shown in bold.

Descriptor p(AG, Descriptor)
PA(D+E) -0.240
PA(N+Q+T+S+DH+EH) -0.150
PA(Y+H) 0.061
PD(K+R-+HIP) -0.120
PD(LYN+N-+Q) 0.060
PD(T+S+Y+DH+EH) 0.087
PD(W+H) 0.053
PA(Amide-O) -0.490
PD(Amide-NH) 10.447
PlogP(Arom) -0.190
PlogP(Non-Arom) -0.450
PMR(Arom) -0.187
PMR(Non-Arom) -0.460
PVol -0.224
A -0.187
D -0.091
logP -0.364
W -0.474
MR -0.508
MASS -0.454
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Table SI 4: Comparison of the performance of different models on the PDBbind training
set using five different metrics. Results for the different random test set splits and cross-
validation folds were averaged and the mean and standard deviation are reported. The
RMSE is given in kcal/mol. NA: Not applicable

Model RMSE r p R? Q%

null model 2.7240.02 0.00 & 0.00 NA 0.00 £ 0.00 0.00 £ 0.00
LR 217x£0.01 0.60£0.01 0.60+£0.01 0.36+0.01 0.36+0.01
kNN 1.65+0.05 0.80+£0.02 0.79+£0.02 0.63£0.02 0.63=£0.02
ISVR 2.19+£0.02 0.60£0.01 0.59=£0.01 0.36+0.01 0.36£0.01
SVR 1.744+0.01 0.77+£0.00 0.77+£0.00 0.59+£0.01 0.59+£0.01
DNN 1.86 £0.03 0.73+£0.01 0.73+0.01 0.53£0.02 0.53 £0.02
RF 0.70£0.01 0.98£0.00 0.98=£0.00 0.93+£0.00 0.93+0.00
eRF 0.00 =0.00 1.00£0.00 1.00=£0.00 1.00=0.00 1.00 = 0.00

Table SI 5: Comparison of the performance of different models on the PDBbind validation
set using five different metrics. Results for the different random test set splits and cross-

validation folds were averaged and the mean and standard deviation are reported. The
RMSE is given in kcal/mol. NA: Not applicable

model RMSE r ) R? Q%
null model 2.72 +0.07 0.00 4 0.00 NA —0.00 £ 0.00 —0.00 £ 0.06
LR 2.19+£0.06 0.594+0.02 0.59=£0.03 0.35£0.03 0.35£0.04
kNN 2.02+£0.05 0.68+0.02 0.67+£0.02 0.45+0.03 0.45+0.03
ISVR 2.20+0.07 0.59+0.02 0.59+£0.03 0.35+0.03 0.35 £ 0.04
SVR 2.03+£0.06 0.67+0.02 0.66=£0.02 0.45+0.03 0.45 4+ 0.04
DNN 2.024+0.05 0.67+0.02 0.66£0.02 0.45+0.03 0.45 %+ 0.03
RF 1.88£0.06 0.73+£0.02 0.72+0.02 0.5240.02 0.52 £0.03
eRF 1.854+0.05 0.74+£0.02 0.73+£0.02 0.544+0.02 0.54 £0.03
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Table SI 6: Performance of the model for the individual protein targets provided by Wang

et al.”

data set N  RMSE r p R? s

BACE 36 096+006 —-01+01 —-0.1+£01 -0.54£0.2 0.8740.02
CDK2 16 1.8£0.1 —-02+£0.2 0.0%£0.2 —1.4+£0.3 0.55£0.05
Mecl-1 67 1.86+0.08 0.70£0.02 0.64+£0.07 —-05+£0.1 0.53+£0.04
PTP1B 48 1.22+£0.09 0.78£0.02 0.72+0.03 0.48£0.08 0.80=+0.03
TYK?2 71 1.13+£0.03 0.67£0.01 0.544+0.03 0.39+£0.03 0.83£0.01
Thrombin 11  1.74+0.1 04+£01 0344£0.09 —-2.6=£05 0.61+£0.06
p38 34 098+0.04 03=£0.1 0.3£0.1 0.034+£0.07 0.87+0.01

Table SI 7: Performance of the model for the individual protein targets in the CSAR 2012

data set.*

data set N  RMSE r p R? Q%

CDK2 25 19+01 050£0.05 0504007 —-1.8+£0.3 0.53+£0.06
CDK2-Cyclin A 23 1.094+0.09 0.65+0.03 047+0.04 —-0.14+0.2 0.84+0.03
CHK1 110 1.714+£0.04 0.12+0.03 0.054+0.03 —-0.334+0.06 0.60+0.02
ERK2 208 1.34+0.02 0.36+£0.056 0.33+£0.05 0.08+0.03 0.76+0.01
LpxC 20 21+01 038+£0.03 030£+£0.04 -0.6+0.2 0.39+£0.06
Urokinase 35 1.60+£0.06 0.46+0.02 0.4640.03 —0.4+0.1 0.66 £ 0.03

Table SI 8: Performance of the model for the individual protein targets in the CSAR 2014

data set.”
data set N RMSE r p R? Q%4
HSP90 146 1.814+0.04 0.33+0.02 0.32+£0.02 —-0.40%0.06 0.56 = 0.02
SYK 583 1.23+£0.04 0.0+0.1 0.0£0.1 —-0.10£0.07 0.7940.01
TrmD 31 1.19+£0.06 0.63£0.03 0.46=£0.04 0.35+0.07 0.81+£0.02
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Table SI 9: Enrichment factors for the 102 targets of the DUD-E data set for different
fractions of the total data selected.® Union describes the combination of all machine learning
methods, where redundant molecules are removed.

Target Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
AA2AR 1 1.9 1.7 0.4 1.7 1.2 24 2.1 1.4
Active: 844 ) 3.0 23 1.0 1.4 1.4 1.5 1.6 1.7
Decoys: 32063 10 24 2.2 0.9 1.3 1.1 1.2 14 1.8
ABL1 1 0.7 0.7 1.7 1.0 4.1 2.7 44 2.1
Active: 295 ) 0.9 0.5 1.4 1.1 3.7 22 40 1.9
Decoys: 10885 10 0.8 0.5 1.2 0.9 3.1 1.7 32 1.8
ACE 1 3.0 0.6 0.4 3.1 0.5 1.9 0.5 1.0
Active: 803 ) 24 0.3 1.2 1.5 0.5 0.9 04 1.8
Decoys: 17144 10 1.9 0.7 1.4 1.1 0.6 1.1 0.7 1.6
ACES 1 0.3 2.3 0.5 0.6 124 187 13.1 8.7
Active: 664 ) 04 1.6 1.8 0.9 6.3 63 6.7 2.7
Decoys: 26373 10 0.3 1.2 2.0 0.8 4.1 3.7 4.3 3.8
ADA 1 0.0 0.0 0.4 0.0 0.4 1.2 04 0.0
Active: 262 5) 02 0.2 0.3 0.2 0.7 03 08 0.3
Decoys: 5472 10 0.3 0.3 05 04 06 03 06 0.3
ADA17 1 1.4 0.6 4.2 0.7 2.3 09 19 3.1
Active: 959 ) 1.5 1.1 2.1 0.9 1.6 1.0 1.6 1.8
Decoys: 36646 10 14 1.1 1.5 1.0 1.5 09 14 1.6
ADRBI1 1 1.7 24 7.9 0.2 5.7 140 59 7.6
Active: 458 ) 3.1 34 3.1 0.3 2.8 6.2 2.8 4.0
Decoys: 15957 10 21 23 2.1 0.5 24 41 2.6 2.9
ADRB2 1 0.7 2.0 2.0 0.7 6.3 134 6.7 6.0
Active: 447 ) 1.2 1.3 2.3 0.3 2.8 6.3 3.3 4.4

14



Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 15253 10 09 14 2.1 0.4 1.8 39 22 3.0
AKT1 1 02 0.2 1.9 1.0 6.9 14 78 2.6
Active: 423 ) 1.8 238 28 0.6 55 3.6 58 2.6
Decoys: 16576 10 3.0 3.8 3.7 09 40 31 41 2.7
AKT?2 1 1.1 1.1 0.0 1.6 7.9 21 8.5 3.8
Active: 190 ) 23 3.5 0.1 1.1 5.6 0.9 5.8 2.7
Decoys: 6952 10 21 27 0.8 1.1 3.5 1.7 3.6 2.3
ALDR 1 0.0 0.0 0.5 0.5 05 05 0.5 0.5
Active: 220 ) 04 03 0.5 1.4 0.4 1.3 0.3 0.4
Decoys: 9136 10 0.6 0.5 1.0 1.0 0.3 1.5 0.2 0.7
AMPC 1 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0
Active: 62 ) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Decoys: 2902 10 0.0 0.0 0.0 0.3 0.0 0.0 0.0 0.0
ANDR 1 04 1.0 0.4 2.1 1.7 0.8 1.7 1.8
Active: 523 ) 1.7 1.5 0.7 21 06 09 06 1.3
Decoys: 14503 10 1.8 1.6 0.6 1.5 05 06 0.5 1.5
AOFB 1 06 0.6 1.2 06 1.8 06 138 0.6
Active: 168 ) 1.7 1.2 0.4 2.5 2.1 0.2 21 1.3
Decoys: 6931 10 1.4 09 0.5 2.5 2.0 04 2.0 1.3
BACE1 1 0.2 0.0 0.6 4.3 1.2 1.2 08 2.5
Active: 485 ) 1.0 0.8 09 21 1.1 1.2 1.1 1.7
Decoys: 18221 10 1.2 08 0.9 1.6 1.3 1.3 14 1.3
BRAF 1 0.0 4.0 6.4 1.2 28 6.8 3.2 2.4
Active: 251 ) 20 21 3.5 1.0 2.6 4.7 2.6 3.0
Decoys: 10098 10 21 20 2.2 1.6 2.3 3.3 24 2.5
CAH2 1 08 1.7 3.7 0.6 5.0 1.9 3.7 2.7
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Active: 835 5 0.7 1.1 22 05 27 13 26 2.1
Decoys: 31710 10 0.6 1.0 1.8 0.6 1.7 1.3 1.7 1.5
CASP3 1 0.3 0.0 0.6 0.0 09 03 09 0.3
Active: 349 ) 1.0 0.6 0.9 0.1 0.6 0.7 0.7 0.5
Decoys: 10822 10 1.1 1.0 0.8 0.2 0.8 0.9 09 0.7
CDK2 1 1.4 1.8 3.5 08 2.1 3.3 25 2.7
Active: 798 5 1.6 1.8 1.8 1.2 1.8 20 19 2.2
Decoys: 28328 10 1.4 1.6 1.8 1.2 1.8 1.6 1.9 1.8
COMT 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Active: 86 ) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Decoys: 3926 10 0.0 0.0 02 0.1 02 01 0.1 0.0
CP2C9 1 1.1 1.7 3.9 1.1 2.2 1.7 22 3.4
Active: 183 5 1.5 14 28 14 2.1 25 22 1.8
Decoys: 7574 10 1.8 1.6 1.8 1.0 1.9 1.9 1.8 1.8
CP3A4 1 0.6 0.3 1.4 0.3 06 03 06 0.3
Active: 359 ) 0.6 0.5 0.7 09 09 06 09 0.7
Decoys: 11940 10 0.8 0.8 0.7 0.9 1.3 04 12 0.8
CSF1R 1 3.9 3.5 3.9 00 6.3 25 6.0 3.5
Active: 286 5 277 2.5 3.0 08 4.1 3.0 438 2.7
Decoys: 12434 10 20 23 24 0.7 30 24 33 2.5
CXCR4 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Active: 122 ) 0.2 0.0 0.2 0.8 0.7 08 0.7 0.0
Decoys: 3414 10 0.2 0.1 0.8 0.7 0.7 1.4 0.7 0.2
DEF 1 0.0 0.0 0.0 1.9 0.0 0.0 0.0 0.6
Active: 161 5 0.1 0.2 0.0 0.9 02 0.0 0.2 0.5

16



Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 5738 10 03 04 0.0 1.2 03 01 0.3 0.4
DHI1 1 1.2 1.0 0.4 1.5 0.4 04 04 0.8
Active: 519 ) 1.2 1.3 1.5 1.2 09 07 038 0.8
Decoys: 19621 10 1.2 14 1.4 1.3 0.8 0.9 0.8 1.0
DPP4 1 09 0.7 02 01 03 09 03 0.1
Active: 1079 ) 1.0 0.6 0.7 09 04 09 03 0.6
Decoys: 41373 10 0.9 0.8 0.7 09 0.6 08 0.5 0.7
DRD3 1 1.8 9.5 0.9 09 80 49 109 6.5
Active: 875 ) 20 5.2 06 0.7 4.8 26 5.1 4.6
Decoys: 34188 10 20 3.3 0.7 0.7 3.6 1.9 3.9 2.9
DYR 1 0.0 0.2 27 11 05 02 05 0.9
Active: 566 ) 04 0.7 1.8 1.6 0.6 0.7 08 1.0
Decoys: 17384 10 0.7 0.8 1.3 1.5 0.7 0.9 1.0 1.2
EGFR 1 3.5 4.2 3.9 1.9 7.6 28 1.7 4.7
Active: 832 ) 27 3.0 2.1 1.4 3.8 21 3.7 3.5
Decoys: 35442 10 24 23 1.6 1.2 2.9 20 3.0 2.5
ESR1 1 3.5 3.0 27 4.0 40 26 4.0 3.9
Active: 627 ) 1.5 1.5 1.2 3.1 2.1 1.0 2.3 2.3
Decoys: 20817 10 14 14 0.8 2.5 1.8 0.7 1.7 1.9
ESR2 1 3.5 35 1.3 1.8 3.0 27 29 3.2
Active: 595 ) 1.8 1.2 14 24 1.8 1.1 18 1.3
Decoys: 20313 10 19 1.3 1.0 2.3 1.6 1.0 1.5 1.4
FA10 1 25 18 0.1 0.9 05 04 03 0.9
Active: 792 ) 1.9 14 0.9 1.3 04 08 03 0.9
Decoys: 20416 10 1.8 1.7 1.3 1.0 0.8 1.3 06 1.0
FA7 1 22 22 0.0 0.5 0.5 8.8 0.5 2.3
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Active: 185 5 21 18 09 1.2 1.6 39 22 2.7
Decoys: 6302 10 23 16 1.9 1.7 1.9 34 22 1.9
FABP4 1 0.0 0.0 0.0 1.8 0.0 0.0 0.0 1.8
Active: 57 5 0.0 04 0.0 04 0.0 0.0 0.0 0.4
Decoys: 2855 10 0.0 0.2 0.0 0.2 0.0 0.0 02 0.2
FAK1 1 09 09 1.8 1.8 44 26 5.3 2.7
Active: 114 5 1.4 1.2 32 18 21 23 25 1.9
Decoys: 5402 10 1.4 1.3 23 14 1.9 23 1.9 2.2
FGFR1 1 1.3 1.3 09 13 1.3 1.3 17 1.8
Active: 242 5 09 1.1 0.8 0.9 14 09 1.3 1.2
Decoys: 494 10 1.0 1.0 0.8 1.0 1.0 09 1.1 1.1
FKBIA 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Active: 273 5 0.7 0.7 0.1 1.2 03 12 02 0.2
Decoys: 5832 10 0.8 1.0 0.3 1.6 03 14 03 0.6
FNTA 1 0.1 038 03 1.1 0.7 1.6 0.7 0.7
Active: 1690 5 0.3 1.0 0.7 0.9 0.7 22 0.7 0.8
Decoys: 52048 10 04 1.2 1.0 14 09 19 08 0.9
FPPS 1 28 38 0.0 3.3 3.8 0.5 38 3.8
Active: 213 5 1.5 0.8 00 1.7 1.7 06 1.8 1.4
Decoys: 9013 10 09 0.6 0.0 14 09 08 1.0 0.8
GCR 1 0.5 0.7 20 1.6 0.0 09 00 0.9
Active: 562 5 0.6 0.6 1.5 09 03 1.0 0.3 1.0
Decoys: 15185 10 0.8 0.7 1.2 0.6 0.9 1.2 0.8 0.8
GLCM 1 12.3 9.7 00 74 7.1 11.6 10.0 9.3
Active: 313 5 9.0 9.8 51 7.9 5.8 83 6.6 7.6
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 3837 10 2.5 5.5 42 5.0 55 43 56 5.7
GRIA2 1 105 74 5.4 85 139 145 145 10.4
Active: 297 ) 3.7 4.0 3.1 3.4 33 36 33 3.5
Decoys: 12060 10 23 23 1.9 2.2 2.3 20 22 2.2
GRIK1 1 0.7 0.7 20 0.0 0.7 07 07 0.7
Active: 151 ) 1.7 1.5 0.9 05 1.5 05 1.5 0.8
Decoys: 6617 10 1.1 1.2 1.1 0.7 1.0 1.2 09 1.1
HDAC2 1 3.8 4.6 4.2 4.6 2.9 25 29 4.7
Active: 238 ) 29 3.7 25 36 4.0 1.9 45 3.6
Decoys: 10366 10 21 23 2.2 2.6 2.9 1.6 3.1 3.0
HDACS 1 1.7 2.6 21 43 3.0 26 26 2.1
Active: 234 ) 23 27 2.2 3.0 2.7 21 27 2.6
Decoys: 10514 10 26 25 1.9 1.9 2.1 1.8 1.9 2.0
HIVINT 1 0.5 0.0 0.5 6.2 1.0 1.4 1.0 3.5
Active: 211 ) 03 0.3 0.5 4.5 0.7 03 07 2.1
Decoys: 6756 10 02 0.3 05 31 06 04 06 24
HIVPR 1 0.1 0.0 2.9 1.5 22 01 09 1.2
Active: 1395 ) 0.3 0.3 2.1 1.2 2.0 0.5 1.5 1.7
Decoys: 36277 10 0.6 0.3 1.4 1.2 1.5 0.7 1.3 1.3
HIVRT 1 02 0.7 0.5 0.2 1.7 1.0 1.5 1.0
Active: 607 ) 0.7 08 08 04 1.0 1.0 1.0 0.7
Decoys: 19133 10 0.7 08 0.8 0.8 0.8 1.2 08 0.9
HMDH 1 0.0 0.0 1.0 0.0 0.0 1.0 0.0 0.7
Active: 299 ) 0.9 0.6 1.5 0.0 0.3 1.9 03 0.7
Decoys: 8884 10 1.2 0.7 1.6 0.6 0.7 1.6 0.6 0.8
HS90A 1 0.0 0.0 49 0.0 0.8 0.8 08 1.7
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Active: 125 ) 0.3 0.3 2.9 0.2 0.5 21 05 1.4
Decoys: 4942 10 0.2 0.2 2.1 0.2 0.4 1.6 0.3 1.3
HXK4 1 0.0 0.0 3.2 32 0.0 08 0.0 0.9
Active: 127 5 0.0 0.0 39 21 05 19 05 1.6
Decoys: 4803 10 0.2 0.2 3.0 24 0.9 1.7 1.1 1.9
IGF1R 1 49 04 58 3.1 58 31 75 6.9
Active: 226 ) 20 19 2.0 2.2 4.3 1.9 4.5 4.1
Decoys: 9407 10 1.8 2.0 1.8 2.1 3.5 1.9 3.7 2.7
INHA 1 29 15 1.5 29 0.0 29 00 1.5
Active: 71 ) 23 20 0.6 2.0 1.7 0.6 1.7 2.0
Decoys: 2318 10 1.6 1.7 0.8 1.8 1.7 1.1 21 1.3
ITAL 1 04 1.3 04 1.7 0.0 04 0.0 0.9
Active: 233 5) 1.1 1.2 0.1 1.1 0.9 0.1 09 0.5
Decoys: 8689 10 1.2 1.1 02 09 09 01 09 0.7
JAK2 1 3.3 1.3 20 0.7 20 1.3 20 1.3
Active: 153 ) 26 25 1.8 1.6 1.8 21 1.6 1.6
Decoys: 6590 10 1.7 1.8 1.5 1.6 1.6 1.8 1.8 1.5
KIF11 1 0.0 0.0 0.0 05 0.0 0.0 0.0 0.0
Active: 197 5) 0.2 0.3 0.0 0.2 0.1 0.1 0.1 0.2
Decoys: 6912 10 0.3 0.5 0.8 0.2 05 04 06 0.2
KIT 1 8.0 438 32 0.0 72 44 108 5.7
Active: 252 ) 4.3 4.9 1.9 0.4 4.4 29 5.6 3.7
Decoys: 10609 10 3.1 3.0 1.8 0.6 3.7 25 4.0 3.3
KITH 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Active: 132 5 0.0 0.0 0.0 02 0.0 0.0 0.0 0.0
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 2866 10 0.1 0.0 02 02 02 00 01 0.0
KPCB 1 1.2 1.2 0.0 0.0 1.6 04 2.0 1.2
Active: 248 ) 1.2 1.5 0.0 09 1.0 02 13 1.1
Decoys: 8844 10 0.7 1.2 0.2 0.8 1.2 02 14 1.0
LCK 1 29 38 40 21 72 38 91 2.9
Active: 683 ) 1.8 1.6 1.8 1.3 4.5 21 5.1 3.6
Decoys: 27856 10 1.7 1.6 1.6 1.3 3.5 1.7 3.6 2.9
LKHA4 1 3.7 4.5 0.0 0.4 1.6 6.2 2.1 5.8
Active: 244 ) 1.5 1.3 0.5 08 1.2 37 15 1.8
Decoys: 9477 10 1.0 1.2 0.9 0.9 24 21 24 1.8
MAPK?2 1 29 34 0.5 2.0 3.9 05 59 2.0
Active: 206 ) 25 19 1.1 1.7 2.2 1.3 27 2.0
Decoys: 6244 10 20 1.7 1.0 1.5 1.9 1.7 2.2 1.9
MCR 1 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.5
Active: 193 ) 0.0 0.1 0.1 0.9 0.0 01 0.0 0.2
Decoys: 5240 10 0.1 0.1 0.3 1.6 0.1 0.3 0.1 0.3
MET 1 2.0 2.1 1.2 1.7 2.9 21 33 2.1
Active: 244 ) 0.2 4.2 0.7 0.8 4.1 1.3 4.2 2.3
Decoys: 11433 10 4.1 4.2 0.9 0.8 2.7 1.4 27 2.3
MKO1 1 44 5.1 0.7 0.7 0.7 00 07 1.6
Active: 139 ) 22 1.7 1.9 1.4 1.3 1.6 1.7 2.0
Decoys: 4627 10 1.6 2.2 1.6 1.6 1.4 1.3 14 1.7
MK10 1 59 54 05 27 27 05 43 0.6
Active: 186 ) 20 20 1.3 2.0 2.8 04 29 2.5
Decoys: 6714 10 1.7 1.6 1.3 1.6 24 0.5 24 1.7
MK14 1 23 31 3.5 2.8 3.4 26 3.0 2.8
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Active: 915 ) 1.5 1.5 2.5 1.5 2.5 1.7 26 2.5
Decoys: 36432 10 1.3 1.2 2.0 1.4 2.0 1.4 20 2.0
MMP13 1 0.7 0.6 4.1 1.7 2.3 27 1.8 2.9
Active: 1038 ) 1.1 1.0 2.1 0.6 1.7 1.7 1.5 2.0
Decoys: 38008 10 1.0 1.0 1.9 0.9 1.7 14 1.6 1.6
MP2K1 1 0.8 1.7 5.0 0.0 7.1 46 5.8 3.4
Active: 242 ) 24 26 3.4 14 2.6 2.8 2.2 3.0
Decoys: 8240 10 20 19 2.3 1.1 2.4 20 25 24
NOS1 1 2.6 7.7 51 04 98 81 103 6.3
Active: 234 ) 4.5 3.8 2.6 3.5 3.4 3.0 4.3 3.0
Decoys: 8073 10 25 25 2.4 3.0 2.6 2.7 26 2.3
NRAM 1 0.5 0.0 0.0 2.7 0.0 0.0 0.0 1.4
Active: 222 5) 1.4 0.5 0.0 2.1 0.2 0.1 02 0.8
Decoys: 6227 10 1.7 03 0.0 1.7 0.2 0.2 02 1.2
PA2GA 1 1.6 08 1.6 0.8 6.4 0.0 5.6 1.6
Active: 127 ) 0.9 0.6 1.1 0.5 2.5 1.1 27 1.8
Decoys: 5216 10 09 1.1 1.3 0.3 1.8 1.0 1.9 1.5
PARP1 1 0.8 0.7 0.1 2.0 1.2 0.3 1.5 0.7
Active: 742 5) 1.2 1.3 0.3 1.6 1.0 0.2 1.1 1.1
Decoys: 30428 10 1.3 1.3 0.5 1.6 1.2 04 1.5 1.1
PDESA 1 1.3 0.7 1.3 1.3 0.7 1.4 0.7 1.9
Active: 706 ) 14 1.2 1.6 1.0 1.6 1.4 1.7 1.0
Decoys: 27826 10 1.2 1.5 1.6 1.1 1.6 14 1.6 1.2
PGH1 1 0.8 04 0.8 0.4 0.8 0.4 0.8 1.2
Active: 251 ) 0.8 0.6 0.8 0.6 0.7 1.0 0.6 0.7
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 10942 10 0.7 0.7 1.1 0.6 0.6 1.0 0.6 0.9
PGH2 1 0.6 0.8 0.8 1.1 0.8 0.9 0.8 1.1
Active: 531 5 0.5 0.6 09 07 09 1.0 038 0.8
Decoys: 23405 10 0.6 0.8 0.9 038 1.0 09 1.0 0.8
PLK1 1 1.3 1.9 0.6 1.9 7.1 06 5.2 4.7
Active: 155 5) 04 1.0 1.2 0.9 3.4 0.6 3.2 2.3
Decoys: 6879 10 0.8 1.1 1.3 1.0 3.0 1.2 25 1.9
PNPH 1 95 7.8 0.0 22 0.0 04 00 3.6
Active: 233 5 3.8 3.7 09 3.0 06 05 06 2.9
Decoys: 7016 10 24 24 1.2 2.1 0.3 0.8 04 2.3
PPARA 1 1.5 0.7 02 04 1.1 0.0 09 0.6
Active: 544 ) 1.1 1.8 0.5 0.6 2.6 0.1 2.7 0.9
Decoys: 19831 10 1.0 2.2 0.6 1.0 24 0.2 25 0.9
PPARD 1 0.3 0.3 0.0 0.0 03 0.0 03 0.0
Active: 288 ) 1.0 0.8 0.1 0.2 1.9 02 19 0.2
Decoys: 13232 10 1.0 1.8 0.1 0.2 2.2 0.2 22 0.3
PPARG 1 1.8 1.9 1.0 0.7 1.0 14 14 0.8
Active: 723 ) 24 1.2 1.9 0.9 2.8 0.9 28 1.6
Decoys: 25867 10 1.9 1.0 2.0 1.1 2.6 0.6 2.7 1.6
PRGR 1 0.5 0.5 0.0 23 0.0 0.7 0.0 0.7
Active: 444 ) 09 0.7 0.1 1.4 05 05 05 0.9
Decoys: 15814 10 14 1.1 0.7 1.4 0.6 0.6 0.6 0.9
PTN1 1 10.7 10.3 5.4 1.3 1.8 1.8 2.7 7.2
Active: 225 ) 4.3 4.5 2.6 3.3 2.8 26 1.6 3.1
Decoys: 7433 10 34 29 24 2.9 2.6 1.9 26 3.1
PUR2 1 0.0 0.5 0.0 13.1 0.0 0.0 0.0 3.4
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Active: 201 5 0.5 0.2 0.0 85 0.0 0.0 0.0 3.6
Decoys: 2725 10 04 0.3 0.0 5.5 0.1 00 02 3.6
PYGM 1 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0
Active: 114 5 09 0.9 09 0.7 0.7 09 09 0.9
Decoys: 4044 10 0.6 0.9 0.5 1.0 04 07 04 0.6
PYRD 1 0.8 0.0 23 0.8 1.5 0.8 08 0.0
Active: 134 5 1.2 09 1.2 04 09 07 09 1.0
Decoys: 6648 10 0.7 1.0 0.8 1.3 1.0 06 1.0 0.7
RENI 1 0.0 0.0 0.0 0.5 0.0 5.0 0.0 1.4
Active: 387 5 0.1 0.1 24 08 04 26 04 1.1
Decoys: 6984 10 0.1 0.2 20 08 06 19 05 1.3
ROCK1 1 0.0 1.0 1.0 0.0 20 1.0 20 0.5
Active: 203 5 0.6 0.6 1.7 05 1.8 1.2 1.8 0.7
Decoys: 6377 10 0.6 0.6 1.2 0.7 1.0 1.3 1.0 0.9
RXRA 1 1.2 1.2 06 0.6 1.2 06 1.2 2.5
Active: 162 5 1.7 1.7 1.1 05 1.2 1.0 1.1 1.2
Decoys: 7707 10 1.1 1.1 0.6 0.3 0.7 06 0.7 1.0
SAHH 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Active: 190 5 0.2 0.3 1.8 0.3 0.0 11 00 0.4
Decoys: 3483 10 04 0.5 23 0.2 03 22 03 0.9
SRC 1 6.0 5.3 06 16 11.0 18 117 4.4
Active: 831 5 4.1 4.5 1.3 038 52 20 57 3.8
Decoys: 34959 10 3.1 3.1 1.2 09 3.8 1.8 4.1 2.8
TGFR1 1 0.7 21 4.7 04 39 86 4.3 2.9
Active: 281 5 3.7 33 47 0.5 32 34 40 2.9
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union
Decoys: 8677 10 2.7 3.0 3.0 0.4 3.4 28 3.8 2.6
THB 1 1.8 6.0 0.6 1.8 0.6 0.0 0.6 4.2
Active: 168 ) 20 2.3 0.6 1.7 0.6 0.7 04 1.9
Decoys: 7652 10 1.6 1.5 1.4 1.4 1.0 1.7 0.8 1.7
THRB 1 09 0.1 0.0 1.5 0.5 0.0 0.3 0.7
Active: 861 5) 0.7 0.5 0.5 1.2 1.0 0.8 1.1 0.7
Decoys: 27321 10 0.8 0.7 0.7 1.2 1.2 1.0 1.3 0.9
TRY1 1 0.1 05 0.9 0.1 1.1 3.6 12 2.0
Active: 758 ) 0.6 0.8 1.1 1.6 1.3 1.6 1.3 1.3
Decoys: 26219 10 0.9 1.1 1.2 1.7 1.4 1.5 1.5 1.2
TRYB1 1 71 9.5 83 4.1 24 95 3.5 5.9
Active: 171 ) 3.3 4.1 4.9 2.1 2.8 5.1 3.7 5.4
Decoys: 7713 10 26 26 4.0 1.9 2.7 3.7 2.8 3.9
TYSY 1 0.0 0.0 0.3 0.0 0.3 0.7 0.3 0.4
Active: 311 ) 0.3 0.1 0.6 0.1 0.8 1.1 09 0.3
Decoys: 6883 10 04 04 0.5 0.2 0.8 1.1 0.7 0.5
UROK 1 0.3 0.0 0.3 0.0 0.0 20 0.7 0.0
Active: 306 ) 0.9 0.7 1.6 1.2 24 23 28 1.3
Decoys: 9933 10 1.3 1.3 1.6 1.2 1.9 1.9 21 1.6
VGFR2 1 1.5 1.9 7.4 0.8 10.6 3.7 11.3 6.0
Active: 620 ) 14 21 3.8 1.3 5.7 35 6.1 4.7
Decoys: 25280 10 1.9 22 3.0 1.4 4.0 29 43 3.8
WEE1 1 0.0 0.7 0.0 0.7 8.1 0.0 5.2 24
Active: 137 ) 04 0.1 0.4 0.6 4.7 0.3 42 2.2
Decoys: 6234 10 04 0.3 0.7 04 3.4 0.8 3.3 1.7
XIAP 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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Fraction (%) eRF RF DNN kNN ISVR SVR LR Union

Active: 129 ) 02 0.2 0.0 0.6 0.5 0.0 0.6 0.0
Decoys: 5213 10 04 0.1 0.0 04 1.1 0.0 1.1 0.4
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Supplementary figures
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Figure SI 1: Distribution of binding free energy (AG) in the protein-ligand complexes in

the training and external data sets. D3R contains protein-ligand complexes from both the
CSAR 2012 and 2014 releases.
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Figure SI 2: Distribution of the protein and ligand descriptor values in the training set and
the external test sets shown colored by data set. The vertical lines indicate the mean values
for the respective data sets. D3R contains protein-ligand complexes from both the CSAR
2012 and 2014 releases.*
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Figure SI 3: Individual predictions on the external data set from Wang et al.2 (A) Predicted
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