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Abstract 24 

 25 

Recently much effort has been invested in using convolutional neural network (CNN) 26 

models trained on 3D structural images of protein-ligand complexes to distinguish binding 27 

from non-binding ligands for virtual screening. However, the dearth of reliable protein-28 

ligand x-ray structures and binding affinity data has required the use of constructed 29 

datasets for the training and evaluation of CNN molecular recognition models. Here, we 30 

outline various sources of bias in one such widely-used dataset, the Directory of Useful 31 

Decoys: Enhanced (DUD-E). We have constructed and performed tests to investigate 32 

whether CNN models developed using DUD-E are properly learning the underlying 33 

physics of molecular recognition, as intended, or are instead learning biases inherent in 34 

the dataset itself. We find that superior enrichment efficiency in CNN models can be 35 

attributed to the analogue and decoy bias hidden in the DUD-E dataset rather than 36 

successful generalization of the pattern of protein-ligand interactions. Comparing 37 

additional deep learning models trained on PDBbind datasets, we found that their 38 

enrichment performances using DUD-E are not superior to the performance of the 39 

docking program AutoDock Vina. Together, these results suggest that biases that could 40 

be present in constructed datasets should be thoroughly evaluated before applying them 41 

to machine learning based methodology development.  42 

 43 

 44 

 45 

 46 
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1 Introduction  47 

 48 

Virtual screening plays an essential role in lead identification in the early stages of drug 49 

discovery [1,2]. Accurate lead identification can dramatically reduce the time and costs 50 

associated with experimental assays. Therefore, developing computational tools that can 51 

identify lead compounds with pharmacological activity against a selected protein target 52 

has been a long-standing goal for computational chemists. A number of structure-based 53 

docking tools that aim to predict ligand binding poses and binding affinities have been 54 

developed and have enjoyed moderate success over the last three decades [3–12]. 55 

 56 

Inspired by the success that deep learning has achieved in speech and image recognition 57 

[13–18], many groups have sought to apply deep learning methodology to protein-ligand 58 

binding prediction [19–27] . Of these, the grid-based CNN approach has been reported 59 

to have promising performance [21,25–27]. The approach constructs a 3D grid of atom 60 

type densities from the protein-ligand structure in the binding site. When training a virtual 61 

screening model, these grids are fed into the model, which automatically optimizes its 62 

parameters to minimize a loss function whose value suggests reflects the model’s ability 63 

to distinguish between binding and non-binding compounds in the training set. 64 

 65 

While CNN algorithms have existed for some time [28,29],  the recent resurgence and 66 

success of CNN-based methods has widely been attributed to increased computational 67 

power and the development of large, highly-curated datasets [18]. It is generally believed 68 

that in order to implement CNN-based models in virtual screening, large and diverse 69 
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training sets and independent test sets are required to effectively train and objectively 70 

evaluate the models [30]. 71 

 72 

The Database of Useful Decoys-Enhanced (DUD-E) contains a large number of 73 

experimentally verified actives and property-matched decoys and has been widely utilized 74 

to train and test machine learning models and compare their performance with that of 75 

simple docking tools [23–25,31–37]. In many CNN-based virtual screening studies, it is 76 

typical to see models achieve an area under the receiver operating characteristic (ROC) 77 

curve (AUC) greater than 0.9 for many targets from DUD-E [22,25,27]. Although some 78 

studies have indicated that DUD-E may have limited chemical space and issues with 79 

analogue bias [38,39], it has not been clearly elucidated how these potential biases affect 80 

CNN model development and performance. 81 

 82 

A perceived advantage of CNN-based virtual screening approaches over more traditional 83 

approaches such as physics-based empirical scoring is that, rather than requiring manual 84 

tuning of weights and terms of a scoring function, CNN models can automatically learn 85 

the features that determine binding affinity between a ligand and its protein target. 86 

However, the main disadvantage of complex machine learning models such as CNN is 87 

that it is unclear what features of a dataset the model is prioritizing in making its binding 88 

assessments. In a traditional parameterized scoring function, each term has a physically-89 

meaningful interpretation (H-bond and hydrophobic contacts, ligand desolvation, etc.) and 90 

the importance of each term can be assessed by their relative weights.  In machine 91 
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learning approaches, there are no such easily-interpretable terms, and it is difficult to 92 

assess what the models are actually learning.   93 

 94 

To investigate the causes that lead to the high performance of CNN-based virtual 95 

screening, we define three sources of information that the models can learn from. 1) 96 

Protein-ligand interactions: It is widely believed that the physics that govern molecular 97 

recognition will apply to novel targets and drug candidates. A hope for the machine 98 

learning-based approach is that models will learn the essential physics of molecular 99 

interactions and therefore be applicable to new targets and the exploration of a novel 100 

ligand chemical space. 2) Analogue bias: Binders of the same target, homologous 101 

targets, or targets with similar functionality are thought to be correlated in chemical space. 102 

Models that learn these correlations could be applied to find additional compounds that 103 

are similar to existing known binders of such targets. 3) Decoy bias: For each target in 104 

DUD-E, decoys were selected by the authors with the criteria that the decoy ligands have 105 

similar physical properties to the actives but differ topologically. However, this might lead 106 

to the decoys being distinguishable from the actives by patterns resulting from the 107 

selection criteria. A model that learns such patterns can distinguish decoys from actives 108 

only when the decoys fit the biased feature pattern and would likely not be applicable to 109 

the prospective identification of novel compounds.  110 

 111 

In the following work, we carefully construct training and test set combinations that are 112 

designed to isolate or minimize the contributions of each of these biases.  We find 113 
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that the high performance of CNN models trained on DUD-E is not attributable to having 114 

learned the features of protein-ligand interactions but rather to analogue and decoy bias 115 

inherent in the DUD-E dataset. We show that it is incorrect to infer that a model has 116 

successfully learned protein-ligand interactions solely on the basis of its high performance 117 

on a test set.  Due to the hidden biases in the DUD-E dataset that we describe in this 118 

work, one should be very cautious when using DUD-E for machine learning based 119 

methodology development.  120 

 121 

 122 

2 Methods 123 

 124 

2.1 Preparation of model input data 125 

 126 

The CNN model requires as input ligands posed in a protein-binding pocket with each 127 

ligand marked as active or inactive. In this work, we used the complete set of proteins 128 

from the DUD-E dataset, which is one of the most widely-used datasets used to develop 129 

and validate virtual screening approaches. The dataset consists of 102 targets, each of 130 

which has a group of experimentally-tested active molecules and property-matched 131 

decoys. In total, it contains 22,886 actives and over a million decoys [37].  132 

 133 

Most of the actives in DUD-E do not have crystal binding poses. We generated poses for 134 

all the actives and decoys in the training and test sets using the smina implementation of 135 

AutoDock Vina [10,40]. All compounds are docked against the reference receptor within 136 
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an 8 Å cubic box centered around a reference ligand. The docked data can be found at 137 

http://bits.csb.pitt.edu/files/docked_dude.tar. In this study, only the top-ranking pose as 138 

scored by Vina for each active and decoy was used as input for the CNN model.  139 

 140 

2.2 Training and test set preparation  141 

 142 

Training and test subsets of the DUD-E dataset were constructed in several different ways. 143 

 144 

2.21 Single target CNN model 145 

 146 

To build the single target CNN model, for each target, we randomly selected half of the 147 

actives for training and used the remaining half for model evaluation. To reduce the 148 

training time and partially compensate for the imbalance in the number of actives and 149 

decoys, for each target, we randomly selected 1000 decoys and used 500 for training and 150 

500 for testing.  See Fig 1a.   151 

 152 

2.22 Multi-target CNN model  153 

 154 

To build the multi-target CNN model, we trained on a subset of protein targets and tested 155 

on the remaining protein targets. The models were trained on half of the actives and 500 156 

randomly-selected decoys for each target in the training subset. See Fig 1b. 157 

 158 

 159 
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 160 

 161 

 162 

 163 

 164 

 165 

Fig 1. The training set and test set for (a) the singe target CNN model and (b) multi-166 

target CNN model. Blue denotes actives and yellow denotes decoys. 167 

 168 

 169 

2.23 Actives as Decoys dataset  170 

The Actives as Decoys (AD) dataset was designed to minimize the decoy bias present in 171 

DUD-E. In this dataset, instead of using decoys from DUD-E, the first 50 actives listed for 172 

each of the other targets were used as decoys. If a target had fewer than 50 active 173 

compounds, then all its actives were used.  174 

 175 

2.3 Model training  176 

 177 

2.31 CNN model  178 

 179 

Our CNN models were defined and trained by the Caffe deep learning framework; the 180 

model architecture is as previously described [41]. The source code can be found at 181 

https://github.com/gnina/gnina. Briefly, the binding complex is transformed into a grid of 182 
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atomic densities. The grid is 24 Å per side and composed of 48 * 48 * 48 voxels in 0.5 Å 183 

resolution centered on the ligand binding site. Each voxel has 39 channels in total: 35 184 

channels of atom density information corresponding to 16 protein atom types, 19 ligand 185 

atom types, and, optionally, 4 channels for water thermodynamic information computed 186 

by GIST [42].  Water thermodynamic information was not part of the originally published 187 

CNN model. It was added here to explore whether adding solvation effects to the protein-188 

ligand system improves the performance of the CNN model. We built three kinds of CNN 189 

models: 1) receptor-ligand-water model, 2) receptor-ligand model and 3) ligand-only 190 

model, distinguished by the binding information used for model training. The receptor-191 

ligand-water model uses all 39 channels of information, and the receptor-ligand model 192 

uses just the information from the 35 atomic densities. In the ligand-only model, the 193 

original receptor is replaced by a single dummy atom; therefore, the atomic density values 194 

from the 16 receptor channels all equal zero, and only the 19 channels from the ligand 195 

are used. As illustrated in Fig 2, the input tensor that consists of a specific number of 196 

channels plus a label of 1 denoting an active compound or 0 for an inactive compound is 197 

then fed to the model, which consists of three units of Pooling (2*2*2 filter)- Convolutional 198 

(3*3*3 filter)-ReLU layers and a single fully-connected layer that outputs the binding 199 

prediction. During training, we used a learning rate of 0.01, a momentum of 0.9, an inverse 200 

learning rate decay with power = 1 and gamma = 0.001, and a weight decay of 0.001. In 201 

each training iteration, we used balanced actives and decoys with a batch size of 10 for 202 

2000 iterations. We manually checked that all models qualitatively converged at the end 203 

of the training.  204 

 205 
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 206 

 207 

 208 

 209 

 210 

Fig 2 The architecture of the CNN model. 211 

Each unit consists of three layers, Pooling, Convolutional and ReLU . The yellow bar 212 

labeled FL is the fully connected layer. Further details about the CNN model 213 

hyperparameters can be found in reference  [41]. 214 

 215 

 216 

2.32 K-Nearest Neighbors (KNN) model  217 

 218 

KNN classification predicts a ligand’s label (binder or nonbinder) based on the majority 219 

vote of its K nearest neighbors in a defined feature space. Here, the input for the KNN 220 

model were topological Morgan fingerprints (2D) generated by the RDKit python package 221 

(http://www.rdkit.org, version 2018.09.1). To compare the KNN model’s performance with 222 

that of the ligand-only CNN model, the same training and test sets were used for each 223 

target. The python scripts we used for training KNN models can be found here: 224 

https://github.com/dkoes/qsar-tools. 225 

 226 

2.33 Grid inhomogeneous solvation theory (GIST)-based water analysis 227 

 228 
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To investigate whether adding water information to the protein-ligand binding complex 229 

could improve the accuracy of binding prediction, we applied GIST from AmberTools to 230 

map out the water properties by analyzing the water trajectory produced by molecular 231 

dynamic (MD) simulation [42,43]. The MD simulations were conducted with Amber16 232 

using the ff14SB forcefield [44–46]. A subset of prepared apo-proteins, listed in Fig 3, 233 

were placed in a box of OPC water such that all atoms were at least 10 Å from the 234 

boundary of the box. The equilibration run consisted of two minimizations of up to 20,000 235 

cycles followed by a 240 ps run at constant volume where the temperature of the 236 

simulations was raised from 0 to 300 K and protein heavy atoms were harmonically 237 

restrained with a force constant of 100 kcal/mol•Å2. Next, we performed an additional 238 

equilibration MD run of 20 ns under NPT conditions with the 100 kcal/mol•Å2 gradually 239 

reduced to 2.5 kcal/mol•Å2 in the first 10 ns and held constant for the last 10 ns.  240 

Production simulations were then performed for 100 ns in NVT conditions at 300 K, 2.5 241 

kcal/mol•Å2. The 100 ns trajectories were then processed by AmberTools cpptraj-GIST 242 

with a grid spacing of 0.5 Å3, centered on the ligand binding sites to produce solvation 243 

thermodynamic maps. The resulting GIST maps of the solute-water enthalpy (Esw), water-244 

water enthalpy (Eww), translational entropy (TStrans), and orientational entropy (TSorient) 245 

were added as the 4 additional channels to the original 35 protein-ligand channels to train 246 

the protein-ligand-water models. 247 

 248 

 249 

 250 

 251 
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3 Results  252 

 253 

3.1 Adding water information does not improve the performance of the protein-254 

ligand CNN model 255 

 256 

Using the single target CNN model approach, we independently trained the protein-ligand 257 

and protein-ligand-water CNN models on 10 targets from the DUD-E dataset. Originally, 258 

we hypothesized that adding water information channels could improve virtual screening 259 

performance as shown in previous work by Balius et al., in which adding water energy 260 

terms to scoring functions improved the virtual screening performance of DOCK3.7 [5]. 261 

As shown in Fig 3, the receptor-ligand CNN model achieved high enrichment efficiency 262 

(0.98 ± 0.02), which is consistent with the results from other studies using the CNN 263 

approach [25,27]. Given that the AUC in the protein-ligand models was already high, 264 

adding the water channels resulted in no detectable sincrease in the test set AUC.  265 

 266 

 267 

 268 

 269 

 270 

 271 

 272 

Fig 3. The performance of receptor-ligand and receptor-ligand-water CNN models 273 

in 10 DUD-E targets. 274 
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 275 

 276 

3.2 Performances of the receptor-ligand and ligand-only CNN models are 277 

equivalent 278 

 279 

Given the high AUC achieved by receptor-ligand models, we were interested in whether 280 

these models have successfully learned from the protein-ligand molecular interactions or 281 

were instead learning from ligand bias. To test this, we built two CNN models for each 282 

DUD-E target using a per-target split. The receptor-ligand model was trained on the 283 

receptor-ligand 3D binding pose, while in the ligand-only model, each receptor structure 284 

was replaced by a single identical dummy atom. The model was therefore trained by the 285 

ligand binding pose alone without any meaningful receptor information. Strikingly, as 286 

shown in Fig 4, both the receptor-ligand model and ligand model achieved an average 287 

AUC of 0.98, with AUC greater than 0.9 for all 102 DUD-E targets. The average absolute 288 

difference in the AUC values of the two types of models for the 102 targets was 0.001. 289 

This suggests that the CNN algorithm can determine a set of parameters to accurately 290 

distinguish the actives from the decoys for a specific target regardless of whether the 291 

receptor structure is provided or not. 292 

 293 

 294 

 295 

 296 

 297 
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 298 

 299 

 300 

 301 

 302 

 303 

 304 

 305 

Fig 4. Comparison of the performance of the receptor-ligand CNN model and 306 

ligand-only CNN model. The receptor-ligand CNN model was trained on receptor-ligand 307 

3D binding poses, and the ligand-only mode was trained on ligand binding poses alone. 308 

Each black dot is a target from DUD-E; there are 102 targets in total. 309 

 310 

3.3 The receptor-ligand model does not learn from protein structure information 311 

 312 

Given the ligand model’s high performance, we were interested in determining how much 313 

the receptor structure contributed to the receptor-ligand model’s performance.  To test 314 

this, we used the same receptor-ligand model trained as above on the receptor and ligand 315 

information and then tested it on two datasets. The first dataset input all the appropriate 316 

structural information into the channels for both the receptor and ligand. The second 317 

testing dataset used all the ligand structure information but replaced the receptor structure 318 

information with information for a single dummy atom, thereby providing no protein 319 

structure information.  The results of these tests are shown in Fig 5.  Surprisingly, the 320 
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receptor-ligand models performed almost exactly the same regardless of whether 321 

information on the receptor was provided in the test set.  The average AUC for both 322 

datasets is 0.98, and the average absolute AUC difference between the two testing sets 323 

is 0.0006, with the largest difference (0.027) for FABP4. This strongly suggests that the 324 

receptor-ligand model is learning almost entirely from the ligand information and not from 325 

receptor-ligand binding patterns. It is generally thought that CNN algorithms will use all 326 

the information from the input to optimize the model parameters. Strikingly, here, we show 327 

that for almost all targets, only the ligand information was necessary for the receptor-328 

ligand model to distinguish the actives and decoys, meaning information provided about 329 

the receptors and receptor-ligand binding patterns was not utilized.  330 

 331 

 332 

 333 

 334 

 335 

 336 

 337 

 338 

Fig 5. Performance of the receptor-ligand model for the same ligand test sets with 339 

and without receptor information. For each target, red dots indicate performance when 340 

the receptor structure was provided in the test set, while blue triangles indicate 341 

performance when the receptor structure was replaced by a single dummy atom. The x-342 

axis displays each DUD-E target in the same order as they appear in the DUD-E database 343 
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(http://dude.docking.org/targets). The targets with even indices are not labeled on the x-344 

axis due to space limitations. 345 

 346 

3.4 Performance of ligand fingerprint-based KNN models 347 

 348 

The high AUC values achieved by the ligand-only CNN model indicated that, for each 349 

target, the actives are easily distinguishable from the decoys. To test whether the actives 350 

could be distinguished from the decoys using a fingerprint-based feature space, for each 351 

target, we calculated ligand fingerprints using the RDKit python package with the default 352 

topological fingerprints.  These fingerprints were then used to build ligand-KNN models 353 

where internal cross-validation was used to select the best K between one and five. We 354 

then tested these models using the same training and test sets as used for the ligand-355 

trained CNN models. As shown in Fig 6, for all 102 targets, the ligand-KNN models 356 

achieved AUC values greater than 0.82, 97 of which were greater than 0.90. It is 357 

noteworthy that a simple KNN model performed only slightly worse than a ligand CNN 358 

model. In addition, the AUC values from the ligand CNN models are moderately 359 

correlated (Pearson correlation R=0.59, average absolute difference 0.02).  For example, 360 

AUC values that were relatively lower compared to other targets in the KNN models were 361 

generally also relatively lower in the CNN models.  Further, 96 (94%) targets have a best 362 

K equal to 1 or 2, indicating that simple nearest neighbor similarity is highly effective on 363 

most DUD-E targets (Table 1). The high performance achieved by the KNN model 364 

indicates that, for each target, the actives and decoys are clustered into two separable 365 

clusters in the fingerprint-based high dimensional feature space. As the atom type 366 
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features are correlated to the fingerprint features, the correlated performance between 367 

the ligand-based CNN model and KNN model indicates that the high performances of the 368 

ligand-only CNN model are attributable to the high similarity among the actives or decoys 369 

and distinct separation of these two groups from each other in the feature space. 370 

 371 

 372 

 373 

 374 

 375 

 376 

 377 

 378 

Fig 6. Performance of ligand-trained KNN and CNN models for 102 DUD-E targets. 379 

 380 

 381 

Table 1. The best-K value distribution for 102 ligand-trained KNN models. 382 

 383 

 384 

 385 

 386 

 387 

 388 

 389 

K value Frequency Percentage
K=1 79 77.45%
K=2 17 16.67%
K=3 4 3.92%
K=4 0 0.00%
K=5 2 1.96%
Total 102 100%
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3.5 Intra-target analogue bias and decoy bias 390 

 391 

The high AUC values achieved by the ligand-only CNN model indicated that the actives 392 

could be differentiated from the decoys based on the ligand information alone. One 393 

possible explanation is that for each target, the actives are analogous, which may lead 394 

them to cluster together in the high dimensional space defined by the input representation 395 

(analogue bias).In addition, the decoy selection criteria may result in decoys that are 396 

easily distinguishable from the actives even in the absence of analog bias (decoy bias). 397 

To explore the effects of these biases, we examined the distribution of prediction scores 398 

calculated by our ligand-trained CNN models for the actives and decoys. The AA2AR 399 

testing set, which had an AUC of 0.98, is a representative example. As shown in Fig 7A, 400 

the scores of most actives were higher than those of the decoys, and most of the actives 401 

had prediction scores clustered very closely 1, while the majority of the decoys had scores 402 

clustered very closely around 0. This score clustering phenomenon was observed for all 403 

102 targets, with the average predicted score for all actives and decoys across all testing 404 

sets being 0.90 ± 0.24 and 0.04 ± 0.15, respectively (Supplementary Fig 1). Because 405 

only ligand information was used to train these models, the highly-clustered nature of the 406 

prediction scores for the actives and decoys around 1 and 0, respectively, suggests that 407 

the models are learning ligand features that allow them to separate these two groups very 408 

well; these may include both analogue and decoy bias.  409 

 410 

It is well-accepted that a large training set is required for CNNs to detect patterns and 411 

achieve reliable performance. Here, to determine the degree of distinguishability between 412 



 19 

the actives and the decoys, for each DUD-E target, we randomly selected five actives 413 

and five decoys from the previous training set to train the ligand model and then tested 414 

the model on the same testing set as before. In order to observe how the choice of ligands 415 

included in the training set affected the model’s performance, we repeated this procedure 416 

three times using different actives and decoys to train the model each time. As shown in 417 

Fig 7B, although the training sets were extremely small, the ligand CNN model still 418 

achieved high AUC values for many targets (Supplementary Table 1), which suggests 419 

that the five actives and five decoys in the training sets were able to adequately capture 420 

the landscapes of the remaining actives and decoys. The varied standard deviations 421 

reflect different levels of analogue and decoy bias for each target. Targets with low 422 

standard deviation are likely to have actives and decoys with highly distinguishable 423 

features that can be easily extracted from an extremely limited training set, leading the 424 

model to successfully separate actives from decoys. 425 

 426 

 427 

 428 

 429 

 430 

 431 

 432 

 433 

                                    (A)                                                                           (B) 434 

Fig 7.  Actives and decoys are generally distinguishable for DUD-E targets. 435 
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(A) The prediction score of actives and decoys in AA2AR as a representative example; 436 

(B) Performance of ligand-trained CNN models trained on small sets of five actives and 437 

five decoys. The dots represent mean values, and the bars represent standard deviation. 438 

 439 

 440 

3.6 Inter-target prediction of ligand-trained CNN models 441 

 442 

To test a model’s capacity for generalization, many groups have used sequence similarity 443 

filters to separate DUD-E targets into diverse training and testing sets. However, this is 444 

based on the untested assumption that targets in DUD-E with low sequence similarity 445 

have distinct actives. Here, to determine the presence of analogue and/or decoy bias 446 

across DUD-E targets, we ran each single-target ligand-trained CNN model against the 447 

ligands from all other 101 targets. As shown in Fig 8A, high AUC values not only occurred 448 

within targets (diagonal line) but also commonly occurred across targets (AUC values are 449 

in Supplementary Table 2). For 74 targets, the actives and decoys were accurately 450 

distinguished (AUC> 0.9) by one or more models trained on the ligands of other targets 451 

(Fig 9).  We chose a high AUC value threshold here to ensure that the effects were not 452 

due to statistical fluctuations or noise.  As expected, models trained by targets within a 453 

similar functional category, even those with very low protein sequence similarity, are likely 454 

to have high inter-target AUC values.  This indicates the sequence similarity threshold is 455 

not rigorous enough to exclude bias when constructing training and test sets. For example, 456 

actives and decoys for TGFR1 (TGF-beta receptor 1, index=92) were accurately 457 

distinguished by 28 models trained by ligands from other targets (Supplementary Table 458 
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3). All of these 28 targets plus TGFR1 belong to the category of phosphate-related 459 

enzymes, and 24 of them, including TGFR1, are kinases. Of note, these comprise almost 460 

all of the 26 kinases present in the DUD-E database. As shown in Supplementary Table 461 

4, very few ligands are active against multiple non-isoform targets in the DUD-E. This 462 

excludes the possibility that such high inter-target AUC values resulted from different 463 

targets having the same actives. This suggests that models trained on kinase targets 464 

might have learned shared features of kinase substrates (analogue bias) that makes them 465 

perform well for kinase targets in general. However, unexpectedly, high inter-target AUC 466 

values frequently occurred for targets that had neither sequence similarity nor shared 467 

functionality. As an illustrative example in Table 2 shows that 11 models achieved high 468 

AUC (greater than 0.9) values for COMT despite the fact that none of the corresponding 469 

targets share significantly similar protein sequence (30%) or functionality with COMT. 470 

Inspired by the AVE bias matrix reported by Wallach et al. [38], we calculated the four 471 

mean Fingerprint (ECFP4)-based Tanimoto distances between the actives and decoys in 472 

the training sets with the actives and decoys in the COMT testing set (training actives to 473 

COMT actives, training decoys to COMT actives, training actives to COMT decoys, and 474 

training decoys to COMT decoys). We found that these four were similar for all 11 targets 475 

and that they were all higher than 0.87 (Supplementary Fig 2), which  suggests that 476 

these high inter-target AUC do not result from analogue bias. Instead, the models have 477 

likely learned features that allow actives and decoys to be easily distinguished (decoy 478 

bias).  479 

 480 
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The decoy bias in DUD-E results from the criteria for selecting decoys. To remove the 481 

contribution of decoy bias to the high inter-target AUC, we constructed the Actives as 482 

Decoys (AD) dataset and tested the ligand models on this dataset. As shown in Fig 8B, 483 

the number of models yielding a high AUC for each target is significantly decreased (AUC 484 

values of AD dataset are in Supplementary Table 5, AUC histogram distribution of two 485 

datasets is in Supplementary Fig 3), which indicates that, for a specific target, models 486 

that are trained on the actives of other targets cannot distinguish the actives of that target 487 

from the actives of other targets. The fact that the ligand-only CNN model performs well 488 

on the default DUD-E dataset but poorly on the AD dataset suggests that, for each target, 489 

the ligand-only CNN model learned the biased feature pattern of that target’s decoys, and 490 

the model will perform well on other targets if their decoys fit the same biased feature 491 

pattern. The decreased performance on AD datasets also occurred when using KNN 492 

models (Supplementary Fig 4 and Supplementary Fig 5). 493 

 494 

 495 

 496 

 497 

 498 

 499 

 500 

Fig 8. Inter-target prediction performance of ligand-only CNN models A) tested on test 501 

sets composed of actives and default decoys and B) tested on test sets composed of 502 

actives and AD decoys. The target order is the same as in DUD-E. 503 
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Table 2. Models that achieved high AUC (greater than 0.9) for COMT 504 

 505 

 506 

 507 

 508 

 509 

 510 

 511 

*From the NCBI BLASTp program using the default parameters. “No Match” means no 512 

alignment was possible for the two sequences. All 11 targets are not homologous to 513 

COMT based on a 30% sequence similarity threshold. 514 

 515 

 516 

 517 

 518 

 519 

 520 

 521 

 522 

Fig 9. Total number of inter-target models that achieved AUC>0.9 for each target in 523 

DUD-E. Targets are partitioned into subsets based on biological families. Targets from a 524 

different subset (or non-isoform targets in the "other" subset) are labelled “distinct targets” 525 

(blue). Targets in the same subset (except the “other” subset, unless an isoform exists) 526 
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are labelled “similar targets” (orange).   Targets that do not have inter-target high AUC 527 

(>0.9) are not shown. 528 

 529 

3.7 Multi-target CNN model  530 

 531 

To investigate whether a CNN model trained on a subset of targets could be applied 532 

successfully to a new target, we trained the receptor-ligand and ligand-only CNN models 533 

on a training set of ten targets (AA2AR, CXCR4, FA10, FABP4, GLCM, HIVPR, ITAL, KIT, 534 

KITH and LCK) and then applied these two models to the remaining 92 DUD-E targets. 535 

As shown in Fig 10, the receptor-ligand and ligand-only CNN model showed similar 536 

performance (both with AUC 0.80 ± 0.13) when tested on the remaining 92 targets. To 537 

investigate whether the receptor information was utilized by the receptor-ligand model 538 

when trained by multiple targets, we also applied the model to a testing set wherein the 539 

receptor was replaced by a dummy atom. As shown in Supplementary Fig 6, the 540 

receptor information was not utilized in most cases. We also tested the multi-target-541 

trained ligand-only model and receptor-ligand model on AD datasets. As shown in 542 

Supplementary Fig 7 and Supplementary Fig 8, the AUCs shifted downward for all 543 

targets, and the average performance was similar to that of random chance. 544 

 545 

 546 

 547 

 548 

 549 
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 553 

 554 

 555 

 556 

 557 

Fig 10. Comparison of the performance of multi-target trained receptor-ligand CNN 558 

model and ligand-only CNN model. The two models were trained on 10 targets and 559 

tested on the remaining 92 targets. The receptor-ligand CNN model was trained on 560 

receptor-ligand 3D binding poses, and the ligand-only mode was trained on ligand binding 561 

poses alone. Each black dot represents a target. 562 

 563 

3.8 Performance of CNN models trained on the PDBbind database  564 

 565 

Apart from categorical prediction, many recent studies [19–21,26,41] have also showed 566 

that deep learning models trained on the PDBbind [47] “refined” set can predict binding 567 

affinity in the “core” set to a Pearson correlation coefficient of ~0.8 or root-mean square 568 

deviation (RMSD) < 2 in terms of pKi or pKd. However, as Yang et al. [48] showed, 569 

sequence similarity has a significant effect on the performance of machine learning-based 570 

scoring functions. Therefore, the fact that the core set overlaps with the refined set even 571 

when the core set items are removed from the refined set could make the reported 572 
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performance over-optimistic. Here, we tested two previously-trained open-source 573 

structure-based CNN models, the Gnina model [41] and the Pafnucy model [21], on all 574 

102 DUD-E targets and compared their performance with that of Vina. Briefly, the Gnina 575 

model was trained by Hochuli et al. [41] on docked poses from the PDBbind refined set; 576 

poses that were within 2 Å RMSD of the crystal structure were assigned the same binding 577 

affinity as the crystal pose, while poses that had RMSD values greater than 4 Å from the 578 

crystal structure were trained using a hinge loss that only penalized over-prediction of the 579 

associated affinity. In contrast, the Pafnucy model was trained by Dziubinska et al. [21] 580 

on a “filtered refined set” of protein-ligand crystal structure data constructed by removing 581 

the core set from the PDBbind refined set. Since the Pafnucy model was trained on 582 

protein-ligand crystal structures that the ligands in DUD-E do not have, we fed both 583 

models with the top nine docked poses, as studies [6,49] have shown that the probability 584 

that a successful pose RSMD (< 2 Å) is present within the top three poses is high (~80%). 585 

In each case, the top ranked pose was used to score a given ligand. As shown in Fig 11, 586 

the performance of these three models varies from target to target. As summarized in 587 

Table 4, Vina performed comparably to Gnina, and they both performed better than 588 

Pafnucy. 589 

 590 

 591 

 592 

 593 

 594 

 595 
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 597 

 598 

 599 

 600 

 601 

 602 

 603 

Fig 11. The AUC value distribution for Vina, Gnina and Pafnucy performed on all 604 

102 DUD-E targets. Each black dot represents a DUD-E target. 605 

 606 

Table 4. Summary of Vina, Gnina and Pafnucy performance on DUD-E targets. 607 

 608 

 609 

 610 

 611 

3.9 Pose sensitivity  612 

 613 

It is generally thought that models that can learn protein-ligand binding patterns will gain 614 

the ability to generalize which can, in turn, lead to good prediction of actives for a wide 615 

range of targets. However, our results have shown that good prediction in a test set does 616 

not necessarily mean the model has learned physical binding patterns. To further 617 

investigate whether the open-source structure-based CNN models have learned 618 
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meaningful features from binding patterns, we tested Gnina and Pafnucy’s performance 619 

on Human blood coagulation Factor Xa (FXa). FXa is a drug target for anti-coagulation 620 

therapy and a series of compounds with different levels of binding affinity have been 621 

synthesized, which provides a dataset to assess the scoring function’s sensitivity to ligand 622 

chemical components [50,51]. Among these compounds, XLC (PDB ID: 1MQ5) and XLD 623 

(PDB ID: 1MQ6) are two chemically-similar ligands with high-quality crystal structures, 624 

and their binding affinities were determined to 1 nM for XLC and 7 pM for XLD, 625 

respectively [52]. To evaluate the pose sensitivities of Gnina and Pafnucy, we re-docked 626 

each ligand to the binding pocket to generate 100 different poses with root mean squared 627 

distance (RMSD) of heavy atoms ranging from 0.0-6.0 Å.  As shown in Fig 12, for Vina 628 

and Gnina, although the chemical components of the ligands are same, different binding 629 

affinities were predicted. In contrast, for Pafnucy, except for the fact that the crystal poses 630 

were predicted to have a different binding strength, all other poses were predicted to have 631 

nearly identical affinity even when the RMSD was large. This may be because the Gnina 632 

model was trained by sets of docked poses for each ligand, among which “crystal-like” 633 

poses were assigned good affinity while poses less similar to the crystal-like pose were 634 

assigned lower affinity. On the other hand, the Pafnucy model was trained only by crystal 635 

poses, which may lead the model to be insensitive to pose change. All three methods all 636 

failed to distinguish the affinity difference between XLC and XLD, indicating accurate 637 

binding affinity prediction for similar ligands remains a challenge. 638 

 639 

 640 

 641 
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 643 

 644 

 645 

 646 

 647 

                              (A)  XLC                                                         (B) XLD 648 

Fig 15. Pose sensitivity of Vina, Gnina and Pafnucy. The three models were tested on 649 

100 re-docked poses of ligand XLC (A) and ligand XLD (B). The red asterisk at the 650 

RMSD=0 marks the experimental affinity. Vina predicts free binding energy (ΔG) in 651 

kcal/mol; here, we estimated the Ki at 25 Celsius using the equation ΔG=RTlnKi, where 652 

R is the gas constant (8.31 J/K·mol). 653 

 654 

Conclusions  655 

 656 

In this study, we showed that the performance of protein-ligand CNN models is affected 657 

by hidden biases in the DUD-E dataset. We showed that analogue biases are common 658 

both within the sets of actives associated with each target (intra-target analogue bias) 659 

and across sets of actives associated with different targets (inter-target analogue biases). 660 

We further provided evidence for the existence of decoy bias likely resulting from the 661 

selection criteria used during construction of the DUD-E dataset. Analogue bias and 662 

decoy bias allow CNN models to learn entirely from the ligands even though protein 663 

structure information for the target is provided during the training stage. We also tested 664 
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additional CNN models trained by protein-ligand crystal structure data from PDBbind. 665 

Although these models were reported to have good performance in their test datasets, 666 

they did not outperform the docking program Autodock Vina on average when tested 667 

using DUD-E. Our studies suggest that 1) DUD-E should be used with extreme caution 668 

when applied to machine learning-based method development and ideally should be 669 

avoided and 2) rigorous testing of a model’s response to different types of information in 670 

training/test sets is essential to building a meaningful model.   671 

 672 

Discussion  673 

 674 

As deep learning methodologies have been increasingly applied to virtual screening, our 675 

study suggests that caution should be taken as hidden bias may exist in datasets used to 676 

develop these methods. We have shown evidence for both analogue and decoy bias in 677 

the DUD-E dataset. Analogue bias most likely originates from the fact that ligands binding 678 

to a specific target (or to a set of targets with similar functionality) are likely to have similar 679 

scaffolds, resulting in similar topological features that are easily captured by CNN 680 

architectures. Decoy bias in DUD-E was introduced by the criteria that were used to select 681 

the decoys for each target. For example, the threshold for Daylight fingerprint based 682 

Tanimoto correlation between the actives and decoys was set at 0.7 to minimize the 683 

possibility that the selected decoys bind to the targets [53]. Also, Sieg et al. [54] recently 684 

published an analysis of the molecular and physical properties of the actives and decoys 685 

from DUD-E, which showed that certain properties are exclusive to one group or the other. 686 

For example, compounds with molecular weight greater than 500 Da include actives only. 687 
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They also suggested these simple distinguishable features between actives and decoys 688 

allow machine learning-based models to distinguish DUD-E actives from decoys on the 689 

basis of the ligands themselves, which is consistent to our findings. Together, the biased 690 

basic properties of the ligands and overly-conservative selection criteria may also result 691 

in overall separation of the decoys and actives in the high-dimensional space constructed 692 

by the combination of all their features such that models can distinguish the non-binders 693 

from binders in general but cannot tell which target each binder associates with.  694 

 695 

Besides bias, there are many additional obstacles that lie on the road to successfully 696 

applying deep learning to virtual screening. One is data quality. In the image recognition 697 

domain, humans can easily recognize images in any number of different contexts; for 698 

example, we perceive automatically that two pictures of a cat in which the cat’s tail has 699 

shifted positions are still both of a cat. As a result, humans can provide vast amounts of 700 

high-quality data to train image recognition models. Unfortunately, without expert 701 

knowledge, we do not know whether a small shift of a chemical group will affect a 702 

compound’s ability to bind to a target with the same level of affinity. This introduces 703 

uncertainty into the quality of pose data that is fed into binding prediction models when 704 

docked poses are used as training input. Another challenge is data paucity. Current deep 705 

learning models can easily have more than 30 atom type channels, significantly more 706 

than image recognition models, which only have three channels. The increased 707 

dimensionality exacerbates the paucity of protein-ligand crystal structure information, and 708 

the millions of parameters-much more than the current number of available data points-709 

encourages the model to simply memorize the entire set of data points, complicating 710 
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generalization to novel compounds [55]. In summary, low data quality and data paucity 711 

together make it a very challenging task to develop a deep learning model for binding 712 

affinity prediction that can generalize to new protein targets and different ligand scaffolds. 713 

Here, we also showed that high performance in test sets is not enough to make the model 714 

generally applicable, as hidden biases may exist in the training/testing datasets that can 715 

lead the model astray. To ensure that models have learned meaningful features, we 716 

should test them by interrogating their response to different types of training or testing 717 

information and ensuring their sensitivity to ligand binding pose.  718 

 719 

In this work we have introduced controls in datasets to test whether a model is learning 720 

from protein-ligand interactions, analogue bias or decoy bias. By removing receptor 721 

information from the test set for receptor-ligand models, we can determine how much the 722 

model is learning from the receptor and hence from protein-ligand interactions.  Similarly, 723 

testing on a dataset that does not share decoy bias introduced by the decoy selection 724 

criteria (as we did with the AD dataset) helps identify how much a model is learning from 725 

decoy bias. Inter-target validation on test sets from which proteins that share homology 726 

and functional similarity with training set proteins have been removed controls for real 727 

analogue bias and constructed decoy bias. These tests should be expanded upon and 728 

refined in the future and be broadly applied to machine learning outcomes to ensure that 729 

the machine learning black box is learning from meaningful information that is 730 

generalizable to making prospective predictions on molecular recognition. In this study, 731 

we highlighted the danger of attributing a model’s high performance in a test set to 732 

successful generalization of binding interactions without rigorously validating the model. 733 
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Although many machine learning-based methods have been developed and tested on 734 

DUD-E  [23–25,27,32,35], we clearly showed here that analogue bias and decoy bias are 735 

widespread in DUD-E and, consequently, models may only learn the inherent bias in the 736 

dataset rather than physically meaningful features. We hope this work can help our 737 

community become more aware of the pitfalls of current databases and develop more 738 

robust and meaningful deep learning models for drug discovery. 739 
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Supplemental Figures 754 

 755 
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 757 

 758 

 759 

 760 

 761 

 762 

Supplementary Fig 1. The distribution of the prediction score of all actives and 763 

decoys from the 102 DUD-E target test set. 764 

 765 

 766 

 767 

 768 

 769 

 770 

 771 

 772 

Supplementary Fig 2. The average fingerprint-based Tanimoto distance between 773 

the actives and decoys from training sets and COMT test set. The ligand-only models 774 

trained by these 11 targets all achieved high AUC in COMT. 775 



 35 

 776 

 777 

 778 

 779 

 780 
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 783 

 784 

Supplementary Fig 3. The distribution of AUC values achieved by ligand-only CNN 785 

models tested on the default DUD-E dataset and the AD dataset. In the default 786 

dataset, the decoys are the DUD-E decoys, while in the AD dataset, the AD decoys are 787 

the actives from other targets. 788 
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 793 

 794 

 795 

 796 

Supplementary Fig 4. The KNN model performance on the default DUD-E dataset 797 

and the AD dataset. 798 
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 799 

 800 

 801 

 802 

 803 

 804 

 805 

 806 

 807 

Supplementary Fig 5. The distribution of AUC values achieved by the KNN model 808 

tested on the default DUD-E dataset and the AD dataset. 809 

 810 

 811 

 812 

 813 

 814 

 815 

 816 

Supplementary Fig 6. Performance of the receptor-ligand model for the same ligand 817 

test sets with and without receptor information. For each target, red dots indicate 818 

performance when the receptor structure was provided in the test set, while blue triangles 819 

indicate performance when the receptor structure was replaced by a single dummy atom.  820 

 821 
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 823 

 824 

 825 

 826 

 827 

Supplementary Fig 7: 10 target-trained ligand-only models tested on 92 targets with 828 

default decoys and AD decoys. The average AUCs of the default and AD testing sets are 829 

0.80 and 0.53, respectively. 830 

 831 

 832 

 833 

 834 

 835 

 836 

 837 

Supplementary Fig 8: Multi-target trained receptor-ligand model tested on 92 targets 838 

with default decoys and AD decoys. The average AUCs of the default and AD testing sets 839 

are 0.80 and 0.54, respectively. 840 

 841 
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