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ABSTRACT

Multitask deep neural networks learn to predict ligand-target binding by example, yet public
pharmacological datasets are sparse, imbalanced, and approximate. We constructed two hold-out
benchmarks to approximate temporal and drug-screening test scenarios whose characteristics
differ from a random split of conventional training datasets. We developed a pharmacological
dataset augmentation procedure, Stochastic Negative Addition (SNA), that randomly assigns
untested molecule-target pairs as transient negative examples during training. Under the SNA
procedure, ligand drug-screening benchmark performance increases from R?=0.1926 + 0.0186 to
0.4269+0.0272 (121.7%). This gain was accompanied by a modest decrease in the temporal
benchmark (13.42%). SNA increases in drug-screening performance were consistent for
classification and regression tasks and outperformed scrambled controls. Our results highlight
where data and feature uncertainty may be problematic, but also show how leveraging uncertainty

into training improves predictions of drug-target relationships.
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INTRODUCTION

Machine learning and deep neural network (DNN) methods have made great strides in scientific
pattern recognition, particularly for cheminformatics'”’. As larger amounts of training data
(molecules and their protein binding partners) have become publicly available, ligand-based
predictions of polypharmacology have expanded from classification of binding (e.g.
active/inactive) to regression of drug-target affinity scores (e.g., Ki, IC50)**312. These models
exploit the similar property principle of chemical informatics, which states that small molecules
with similar structures are likely to exhibit similar biological properties, such as their binding to
protein targets'>. Such approaches assume that the principle holds true for large datasets and hinge
on the expectation that a greater diversity of training examples will increase the likelihood of a
model finding generalizable patterns relating chemical structure to bioactivity. However, these
techniques may learn biased patterns from incomplete data for drug discovery and screening'®.
Academic cheminformatic machine learning training sets derive from public bioactivity databases
such as ChEMBL and PubChem BioAssay (PCBA)!>!¢. Theoretically, the more researchers who
deposit their data, the more diverse the database. However, as scientific literature is a major
contributor to these databases, a publication bias toward molecules with positive binding profiles
(Figure 1) could skew both the dataset and, consequently, the resulting machine learning models
predictions, as in Kurczab, et al'”. We explore the feasibility of a method that leverages uncertainty
in unexplored chemical space to augment incomplete public data for small molecule activity
prediction using deep learning for both classification and regression.

A substantial literature focuses on correcting the balance of positive to negative examples (here,
binders to non-binders) in machine learning training datasets as well as addressing dataset
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sparsity . These corrections primarily adopt majority- or minority-based approaches.
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Minority-based approaches oversample underrepresented classes, generally accomplished by
upweighting or oversampling existing training examples or by adding similar synthetically-
generated ones'*?*. Majority-based approaches typically undersample the overrepresented class in
order to achieve balance. Many class imbalance approaches address situations where positive
examples were in the minority. This presents a unique problem for cheminformatic datasets where
binders (<10uM) are frequently the majority class and non-binders are the minority reported class
(Figure 1), despite binding in comprehensive screens being a rare event?s. For cheminformatic
datasets, undersampling the majority class members would minimize the crucial effort researchers
have invested to establish the chemical feature diversity upon which similar property principle-
based approaches rely?>. Accordingly, De la Vega de Leon et al. found that removing/ignoring
activity labels can decrease performance in proportion to the amount of data removed??. As non-
binding molecules typically arise from the same series as binders, and consequently share many
of their chemical features, we suspected that oversampling existing negative examples would
contribute little to expanding a model’s decision boundaries. It would follow, therefore, that
oversampling may fail to add diversity to the minority class, whereas methods that rely on synthetic
interpolation (i.e. generating new fingerprints very similar to existing negatives) increase the
chance of mislabeling a new ligand in the chemical series and overlook protein targets lacking
negative pharmacology data'®. From a machine learning perspective, this hinders a model’s
generalizability and the scope of its chemical feature space. In turn, oversampling negative
examples would seem especially problematic for cheminformatic datasets.

Random sampling of unassayed chemical space to assert weak but diverse negative examples
may address these concerns. Others have shown that incorporating random negative data into

training improves classification performance by SVMs?’, potency-sensitive influence relevance
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voters?®, and Bernoulli Naive Bayes classifiers®. Kurczab et al. assessed the influence of negative
data on a set of eight targets and found that a ratio of 9:1 to 10:1 of negatives to positives were
favorable for classification®®. In this work, we introduce putative negatives that continuously
change throughout training, and extend this method beyond classification to regression tasks for
thousands of protein targets at once. We evaluate prediction performance on screening and
temporal benchmarks and search for optimal positive-to-negative ratios under both test scenarios.
We propose an online (continuous) pharmacological training augmentation procedure for
regression and classification tasks: stochastically oversampling the minority (non-binder) class
from the pool of unlabeled molecule-to-protein interactions spanning the molecule vs protein
target training space. We designed Stochastic Negative Addition (SNA) with the challenges of
ligand-based drug design in mind. SNA adds more molecule-protein pairs to a training set where
negative examples are otherwise outnumbered and/or unevenly distributed. Paradoxically,
whereas most molecules do not bind to most proteins, the literature-based pharmacological
datasets we used contain a preponderance of positive reports (Figure 1): We intended SNA to
counter this trend without overwhelming training with negative examples. This method encodes
uncertainty for unstudied, and unlabeled, drug-target pairs. It exploits the observation that, despite
meaningful cases of unexpected polypharmacology, ligand binding events at <10 uM are
comparatively rare’®. This study expands on prior work by investigating the effect of training
augmentation for large numbers of protein targets in a multitask setting, applying the method to
regression tasks, and assessing the impact of random negatives on complementary benchmarks.
We assessed DNN model performance on two external test sets: First, we created a Time Split
hold-out to address a drug discovery scenario with the understanding that this test set would be

skewed toward having fewer negatives. Second, we created a complementary “screening’ use-case
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benchmark, with a preponderance of negatives. For it, we used the densely assayed Drug Matrix

collection®!*?

, and removed all of its protein-molecule interactions that intersected with the
training set to avoid data leakage. To determine how much pre-existing negative examples
contributed to performance, we trained alternative DNNs where we removed negatives from the
training dataset. We explored whether SNA could rescue performance in this scenario where actual
negatives were absent. We compared these models to an unaugmented, standard training regime
and appropriate adversarial control studies®>. We then explored whether different ratios of binders
to non-binders affected performance. Finally, we evaluate whether SNA improves classification

to the extent that it does regression. We find using SNA with a one-to-one positive-to-negative

ratio improves performance on screening scenarios with minor penalty to temporal benchmarks.

RESULTS

Adding stochastic negatives improves regression performance

We posited that existing sparse public datasets omit much of the chemical diversity of negative
bioactivity space. To address this, we developed a machine learning training procedure to
transiently add likely negative examples: unstudied pairs of small molecules and protein targets
that we assert to not bind. Using a Stochastic Negative Addition (SNA) procedure, model
predictions on a screening scenario benchmark dataset (Drug Matrix) improved with minimal loss
to performance on a temporal test benchmark (Time Split) (Figure 2).

DNN models trained with five-fold cross validation using SNA (hereafter denoted in italics as
SNA) outperformed conventionally-trained models (standard; STD) on the screening (Drug Matrix)
benchmark (Figure 2(g,h); Table 1; Supplementary Table 1; Supplementary Figures 9-10, 17-18)

with little effect on training or random test performance (Figure 2(a-d); Table 1; Supplementary
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Table 1; Supplementary Figures 9-10, 17-18). SNA performance increased 122% in R? over the
STD model on Drug Matrix affinity pACso values (see Methods). As with most screens, much of
the data within the screening benchmark consisted of first-pass “primary” observations assessed
only at the single dose of 10 uM. Regression could not be performed on these observations, as no
dose-response curve had been collected. To assess the effect of the proposed SNA training
procedure on classification tasks, which would include these cases as well, we used two analyses:
classification and regression-as-classification. The former consisted of training equivalent DNN
architectures with classification loss functions -- see dedicated section below. For the latter, we
evaluated the output of the original regression models as classifiers post hoc, by thresholding
affinity into positive and negative assignments according to pACso for the underlying truth values
and constructing AUPRC; and AUROC; metrics over a range of affinity thresholds instead of
confidence thresholds. Thus, we calculated regression-as-classification AUPRC; and AUROC; by
combining primary negatives with secondary (dose-response) negatives from the Drug Matrix
screen versus secondary positives (see Methods). This analysis on Drug Matrix showed a 196%
increase in AUPRC, and 14% increase in AUROC:; for models trained using SNA over STD (Figure
2(1,k); Table 1; Supplementary Table 1; Supplementary Figures 9-10, 17-18).

By contrast, SNA performance on the temporal (Time Split) benchmark decreased slightly, with
SNA models decreasing by 13% in R? and 3% in AUPRC; compared to STD (Figure 2 (e-f,1); Table
1; Supplementary Table 1; Supplementary Figures 9-10, 17). STD and SNA models generalized
similarly on cross-validation test sets (Figure 2(c-d), Table 1; Supplementary Table 1;
Supplementary Figures 9-10, 17-18), whereas standard models more precisely recapitulated their
exact training examples ((Figure 2(a-b)), Table 1; Supplementary Table 1; Supplementary Figures

9-10, 17-18) than the equivalent SNA model, as expected.
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SNA brings scrambled control models closer to theoretical random for regression

To evaluate whether the models withstood adversarial controls®’, we trained models on
molecules whose annotations to protein targets had been randomized (y-randomization)**-3¢. SNA4
scrambled and STD scrambled models were trained with and without SNA procedures,
respectively. Our goal was to verify that these intentionally scrambled models would underperform
equivalent non-scrambled models on actual benchmarks. Thus, as in previous sections, we
evaluated these models on screening, temporal, and 5-fold cross validation (Test) sets.

As intended, scrambled models greatly underperformed those trained on actual data (Figure 3;
Table 1; Supplementary Table 1; Supplementary Figures 17-18). However, some empirically-
scrambled models using standard training exceeded expected theoretical performance for balanced
models (Figure 3 (e-h); Table 1; Supplementary Table 1; Supplementary Figures 17-18).
Scrambled models converged during training and achieved high performance on their scrambled
train datasets (Supplemental Table 1; Supplementary Figures 13-14, 17-18), consistent with
potential dataset memorization rather than generalization®”. Unsurprisingly, the R? for scrambled
models neared 0.0 for screening, temporal, and cross-validation sets (Supplementary Figures 13-
16). While models trained on actual data outperform their scrambled controls, these controls
exceeded frequently used, theoretical baselines such as 0.5 for AUROC; and the positive-to-
negative ratio random baseline for AUPRC; in regression-as-classification analyses. STD
scrambled models outperformed the 0.5 theoretical-random in AUROC; (Drug Matrix screening
set: 0.5538+0.0099; Time Split temporal set: 0.6340+0.0033) (Figure 3(e,f); Supplementary Table
1). We also found these STD scrambled models performed better than the random prevalence line
in AUPRC,; for Drug Matrix (random prevalence: 0.0711; AUPRC:: 0.0816+0.0046) and temporal

benchmarks (random prevalence: 0.8604; AUPRC: 0.9057+£0.0010) (Figure 3 (g,h);
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Supplementary Table 1). SNA scrambled models exhibited AUROC; and AUPRC; nearer the
expected theoretical random baselines in both the Drug Matrix benchmark (AUROC::
0.4842+0.0134, AUPRC;: 0.0687+0.003) and temporal benchmark (AUROC;: 0.4664+0.0106,

AUPRC:: 0.8540+0.0032) (Figure 3; Supplementary Table 1).

SNA improves performance for classification models

To evaluate whether the SNA training procedure was stable beyond regression and regression-
as-classification uses, we developed and evaluated DNN classifiers with similar architectures. As
with regression models, SNA classifiers saw increased model performance for the Drug Matrix
screening benchmark, with a minor decline on the TimeSplit temporal benchmark (Supplementary
Table 2; Figure 4; Supplementary Figures 17-18). In 5-fold cross-validation, SNA improved
screening benchmark performance by 151% AUPRC and 13% AUROC (Supplementary Table 2;
Supplementary Figures 17-18). Consistent with regression models, classification networks trained
with SNA exhibited minor (4% AUROC and a 1% AUPRC) decreases on the Time Split
benchmark (Supplementary Table 2, Supplementary Figures 17-18). As before, both models
outperformed their scrambled baselines. Classifier DNNs showed less performance gain over

random controls in the temporal benchmark than regressor DNNs (Figure 4 (e,f)).

SNA improves regression models trained without negatives

As SNA improved performance on a training set where negatives are not guaranteed to be
distributed across the benchmark sets in the same manner as the train set, we were curious whether
SNA would improve cases where there are no true negative training data for ligand-binding
prediction. To address this question, we evaluated two training regimes. First, we trained a DNN
model solely on positive ligand-target examples (Negatives Removed). Second, we trained the

equivalent Negatives Removed model, corrected by the SNA procedure (Negatives Removed
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+SNA). To compare model performance, we maintained the same benchmarks as before
(screening/Drug Matrix, temporal/Time Split, and cross-validation). We hypothesized that
removing all training negatives would damage model performance across the board, while
incorporating SNA might partially rescue this effect. Additionally, we hypothesized classification
models would be more sensitive to the removal of training negatives than regression models.

Broadly, regression models trained without negative examples underperformed by regression-
as-classification metrics, while achieving similar or better R? to standard (STD) for Drug Matrix
and Time Split (Figure 5; Supplementary Table 1, 2). The R? difference between Negatives
Removed and STD models was minimal for the Drug Matrix screening benchmark (Negatives
Removed R%: 0.1973+0.0176; STD R?: 0.1926+0.0186) (Figure 5(a); Figure 2 (g); Supplementary
Table 1, Supplementary Figures 9, 11). However, we observed larger differences in AUROC; and
AUPRC; where the STD model outperformed the equivalent Negatives Removed model for Drug
Matrix (Negatives Removed AUROC:: 0.6120+0.0076 vs STD 0.6886+0.0094; Negatives
Removed AUPRC:;: 0.1039+0.0025 vs STD AUPRC:: 0.1490+0.0077) (Figure 5 e; Supplementary
Table 1; Supplementary Figures 23-24). Removal of negatives from training harmed the Time
Split temporal benchmark performance (-2.2% AUROC:; and -0.5% AUPRC; change from S7D)
(Figure 3f; Supplementary Table 1), but these models showed minor improvements in R? (9.3%
increase from STD models) (Figure 5 (c,f)). For cross-validation (Test) and training-data
benchmarks, removal of negatives during training uniformly decreased performance, by 5% (Test)
and 15% (Train) in R? (Supplementary Table 1).

We had anticipated that the SNA training procedure would partially mitigate the absence of true
negatives during model training. Surprisingly, the Negatives Removed +SNA procedure yielded

models with performance nearly indistinguishable from SNA models trained with full data, SNA
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(Figure 5 (e,f); Supplementary Table 1; Supplementary Figures 1-4). As with STD compared to
SNA, Negatives Removed +SNA substantially improved the Drug Matrix screening benchmark
performance while slightly decreasing that of the Time Split benchmark compared to a model
trained with Negatives Removed alone. We observed 28%, 331%, and 115% increases to AUROC;,
AUPRGC;, and R?, respectively, for the Drug Matrix screening benchmark by adding SNA training
to Negatives Removed models (Figure 5; Supplementary Table 1; Supplementary Figure 1). By
contrast, we observed that the Negatives Removed +SNA model training decreased temporal
benchmark R? performance 24% to 0.1774+0.0018 compared to the Negatives Removed alone
(Figure 5 (d,f); Supplementary Table 1, Supplementary Figure 2). We found little to no change in
mean AUC metrics for regression of Negatives Removed or Negatives Removed +SNA models,
suggesting that neither stochastic nor true negatives improve performance on the temporal
benchmark. Under these performance metrics, the impact of stochastic negative data on model
training could not be distinguished from that of true negatives. However, we did not find that
stochastic negatives yielded any greater performance than true negatives, despite the greater
diversity of chemical examples covered by the former. To address whether there was an advantage
from reported negatives, we performed an alternative training analysis wherein we upweighted
existing negatives during training to reach parity between positives and negatives (Supplementary
Methods: Negatives Upweighted; Supplementary Table 1) and found little improvement to the

Time Split benchmark.

SNA training corrects for absence of true negatives in classification nearly as well as in
regression
As with the regression models, removal of true negatives when training classification models

damaged performance on most benchmarks. SNA predominantly rescued performance for

11
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classification Negatives Removed models. The removal of true negatives from classification DNN
training so adversely impacted performance on holdout benchmarks that these models failed to
exceed random baselines (Supplementary Table 2, Supplementary Figures 21-22). This was
consistent with the expectation that classification models trained solely on positive data would
overwhelmingly predict positive outcomes. Therefore, we expected that incorporating
stochastically-imputed negatives during training (Negatives Removed +SNA) would improve
classification. Drug Matrix screening benchmark performance improved markedly for Negatives
Removed +SNA training compared to Negatives Removed models (48% increase in AUROC;
291% in AUPRC) (Supplementary Table 2, Supplementary Figures 21-22). Negatives Removed
+SNA only slightly improved Time Split AUROC and AUPRC (3% to AUROC and 1% to
AUPRC), although this was in contrast to regression models, where SNA had decreased
performance in this scenario (Supplementary Tables 1,2, Supplementary Figures 21-22). Overall,
we observed that the Negatives Removed regression model and its derived regression-as-
classification interpretation outperformed the classification model on the screening benchmark.
This was true as well for Negatives Removed +SNA training with the exception of AUROC:; for

Drug Matrix.

Restricting SNA by molecular similarity does not dramatically improve the procedure

To decrease the likelihood that SNA may assign true-but-unreported ligands to be negatives
during training, we blacklisted potential molecule-target pairs by a separate cheminformatic
method. This blacklist was created using the Similarity Ensemble Approach (SEA) to predict likely
binders (Supplementary Information). We assessed the networks trained with the SEA blacklist
(SNA +SEA blacklist) similarly to the base SNA model procedure for both classification and

regression. As with SNA networks, the SNA +SEA blacklist DNNs outperformed S7D models on
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Drug Matrix with minor decreases to Time Split for regression (Supplementary Table 1;
Supplementary Figures 1-2) and classification (Supplementary Table 2; Supplementary Figures 5-
6). The performance differences between SNA and SNA +SEA blacklist were minimal; typically
within a 1% difference (Supplementary Table 1; Supplementary Figures 1-4). The exceptions were
AUPRC:; and R? where SNA +SEA blacklist outperformed SNA on Drug Matrix by 2.8% and 3.3%,
respectively. The same was true for classification networks, with SNA +SEA blacklist performing
within a 1% difference to SNA for all but AUPRC, where SNA +SEA blacklist induced an increase
in the mean across cross validated models of 3% (Supplementary Table 2, Supplementary Figures

5-8).

The optimal SNA ratio for DNN performance centers on 1:1 positive:negative examples

To assess the impact of the class balance ratio chosen for the SNA training procedure, we trained
14 networks with SNA minimum-ratios (i.e. minimum ratio of negatives-to-positives per protein
target, below which negatives are added until the ratio is achieved) extending from no negatives
added to the training (0% added) to 93%, as assessed on each protein target represented within a
minibatch. We applied this procedure to regression and classification DNNs trained with S7D and
Negatives Removed contexts.

We found that the region between 40% to 60% added-negative ratio was the best tradeoff of
performance across all benchmarks (Figure 6, Supplementary Tables 5,6). Consistent with
established class-balance training procedures, a 50% or 1:1 addition of SNA appears ideal, for
both classification and regression scenarios. We note that the Drug Matrix screening benchmark
improvement is steepest between 10% and 30% negative-addition; while the Time Split
benchmark suffers some decreases in this regime, they are far less pronounced than the

improvements to the screening benchmark.

13
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The most exaggerated difference between classification and regression occurred for Negatives
Removed models (Figure 6, Supplementary Tables 5,6). Regression models trained using the
Negatives Removed +SNA method almost entirely rescued the all-data SNA model performance by
a 40% negative-addition ratio for Drug Matrix (Figure 6 d). However, classification Negatives
Removed +SNA could not match the AUPRC Drug Matrix screening performance of STD (Figure
6 c). The screening benchmark performance difference between SNA and Negatives Removed
+SNA models was less pronounced by AUROC. For the Time Split benchmark, stochastic
negatives were less effective at closing the performance gap between Negatives Removed and STD
classification models (Figure 6 a) than they were for regression models (Figure 6 b). From this, we
conclude classification tasks perform much better when trained on true negatives than when trained
with stochastically imputed negatives. Regression models appear to see less gain from reported
negatives as compared to stochastically imputed ones. However, as both classification and
regression performed better with the addition of random negatives, we believe SNA can
productively augment true negatives in the case when there are insufficient negatives and in the

case when there are no negatives to speak of in the training set.

DISCUSSION

In this study, we set out to investigate the impact of stochastic negative addition to DNN training.
We evaluate DNN regression performance on small-molecule-to-protein target affinities, as well
as thresholding the regressed values analogously to classification networks to obtain a regression-
based AUROC; and AUPRC; performance metrics, which frequently agree with conventional
classification task training and performance trends. We find that adding stochastic negatives to
DNN training improves predictive performance on a full screening (Drug Matrix) hold-out

benchmark for both classification and regression networks. We observe that this performance
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boost has minimal impact on a temporal evaluation scenario. We compare the results to scrambled
baselines, which suggest the method does not solely rely on memorization for performance
improvement.

Experimental screens and studies often focus on novel binders, optimizing for sensitivity and
precision. Indeed, the literature-derived annotations mined from ChEMBL skew the training set
toward positive examples, with 73% representing binding affinities at 10 uM or lower, 55% of 1
uM or lower, and 34% of 100 nM or lower. The remaining 27% of the training examples are
explicit negatives—molecules that failed to inhibit the tested protein target by at least 50% at 10
uM. A surprising 6% of targets (138 proteins) have zero reported non-binders weaker than 10 uM.
For training purposes, no targets have zero reported binders weaker than 10uM as outlined in
Methods. We believe the dearth of negatives in training data derived from studies incentivized to
publish positive results could contribute to poor machine learning model precision, such that false
positives could flood the potential testing space in some cases. With this in mind, we hypothesized
that adding transient random negative examples during training would improve model precision
more than it would degrade model sensitivity. We find SNA improves the rate of negative
assignments in exchange for a minor hit to performance on temporal splits (Figure 2). We consider
this to be an acceptable trade-off in most applications, as false positives dilute search spaces for
screening follow-up and manual review of promising binding candidates.

Ultimately, the comparative value of different test sets and measurement statistics are use-case
specific choices that must be set by the researcher. The Time Split and Drug Matrix datasets
represent two sides of a similar problem. Time Split attempts to approximate challenging and
desired prospective validation performance across a broad range of models, where chemical

novelty is foremost. As comprehensive negative data are so rarely publicly available, Drug Matrix
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represents a complementary scenario where a full matrix of molecules and proteins are provided
which incidentally results in a higher ratio of negatives in the evaluation set. Inclusion of the Drug
Matrix dataset is an attempt to quantify performance on highly imbalanced but realistic testing
scenarios.

The SNA data augmentation procedure improves both regression and classification deep neural
network performance when compared to a standard model (S7D) (Figure 4, Supplementary Tables
1-2). Here, we define success as better performance on a screening-scenario benchmark, Drug
Matrix, with a small relative hit to the Time Split benchmark. We find a balanced training dataset
of positive and negative examples performs well (Figure 6, Supplementary Tables 5-6). The
performance improvement consistently exceeded scrambled benchmarks, consistent with learning
beyond simple memorization for each model.

While we find SNA improves Drug Matrix at a cost to Time Split performance, we note that the
models contain negatives within the training set which may be unevenly distributed across tasks.
This distribution may artificially boost performance for certain tasks with additional negative data.
To address this, we train a model in the absence of negative data and without stochastic negatives
as a sanity check where we expect reduced performance due to loss of relevant information. We
find this Negatives Removed model improves generalizability for Time Split and depletes
performance on Drug Matrix. One potential explanation for this performance gain may be a
positive-reporting bias for novel molecules in the ChREMBL database underlying the temporal-split
benchmark (71% positive, n=116929, Supplementary Table 4), which is derived from the literature
and could reward models that are more likely to predict positive binding activity for a novel
molecule, although we have not attempted to test this theory. We find Negatives Removed

classification DNNs (Supplementary Table 2, Supplementary Figures 21-22) perform worse than
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Negatives Removed regression DNNs (Figure 5 e,f; Supplementary Table 1, Supplementary
Figures 23-24). We hypothesize this may be due to regression models learning continuous
relationships between chemical structure and bioactivity that may extrapolate into low-affinity
regimes, whereas classification models entirely lack the negative categorical data and features
around which to construct a binary decision boundary

Regression models trained with Negatives Removed exhibit performance losses which SNA can
rescue (Figure 5). These data suggest that stochastic negatives may usefully supplement true
negative data, but due to lack of clearly better performance; we do not believe that SNA should be
used to supplant the use of true negatives in model training. SNA failed to completely rescue
classification Negatives Removed performance. This may reflect fundamental differences between
the aim of regression versus classification or the forms of the loss functions in question, and
exploration of ranked molecule choice between regression and classification models should be
interesting for future in silico analyses. One explanation may be that underlying dataset biases
(such as molecular similarity) may have consequences for classification DNNs that are different
for regression models. Regardless, the data showing Negatives Removed +SNA rescuing model
performance suggests it is reasonable to consider adding random negatives when none are
available in the literature.

We also briefly explore the possibility that the method of choosing potential negative pairs
assigned by SNA may have unintended consequences for ligands which are topologically similar
to existing ligands. We included an option to blacklist potential molecule-target negative pairs
using an alternative ligand-target prediction method, the Similarity Ensemble Approach (SEA)®.
We expected this procedure, SNA +SEA blacklist, to reduce the probability of incorrectly assigning

a likely ligand to be a negative example (Supplementary Information). We found that SNA +SEA
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blacklist models performed similarly to SNA, but leave the exploration of negative choice open for
further study.

We created scrambled DNN models (STD scrambled; SNA scrambled) to serve as low-
performance adversarial baselines for our experiments and evaluate them against the same hold-
out benchmarks. The empirically-scrambled baseline control studies analyses yield two key
observations. First, as both STD and SNA outperformed their relative scrambled controls, the DNN
models here do not rely solely on memorization for their performance. Second, as SNA decreases
the baseline down to the frequently used value for scrambled-model performance and improves
performance of models on actual data, we find the SNA training procedure widens the predictive
gap between actual and random models.

Finally, we ask, “If stochastic negatives improve model performance, how many should we
impute?” Would a balanced ratio of positives-to-negatives as is common in the literature yield the
highest performance, or would one more closely approximating the ligand-binding prevalence
experimentally observed in comprehensive drug discovery screens produce better results? We find
that for SNA and Negatives Removed +SNA models, a training dataset comprising approximately
40-60% negatives per target maximizes performance for Drug Matrix and Time Split, in support
of the standard 50% negative ratio. Considering that the bulk of the improvement on Drug Matrix
occurs between 10% and 40% stochastic negatives, we hypothesize that even a future Time Split
with many negatives will not be drastically different from best performance ratios found with Drug
Matrix.

This study is not without caveats. As noted in Methods, data from ChEMBL is biased by both
researcher and assay and we have made several assumptions in aggregating datasets. We took

aggregate values (median) for duplicated molecule-protein pairs to avoid over-sampling
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particularly well-studied pairs. We made further bulk assumptions about our dataset by asserting
a single negative binding threshold (pAC50=5.0; 10 uM) when evaluating performance, agnostic
to protein target. For certain proteins, a hit weaker than 10 uM may be desirable for a researcher,
and for other proteins, a hit stronger than 1 nM may be the minimum affinity necessary to describe
a hit. This remains an unexplored avenue of research and has interesting implications for future
AUROC,; and AUPRC,; regression-as-classification analyses. Our models are additionally limited
by the representation of our datasets. We did not add any structural protein information. This limits
the total variance we could expect to derive from such a dataset, but we believe our method has
uses where protein structural information is unavailable or where a phenotype-based readout is
desired. Furthermore, our choice of the conventional ECFP4 molecular feature representation’
does not include information that could be obtained from 3D fingerprints or graph convolutional
methods!3*4.

This method is intended as an interim measure to supplement datasets while quality in vitro
negative data may be collected and reported by experimental researchers. It is not intended as a
cure-all for the lack of negative data, although it may be informative to evaluate at a finer level
where experimental negatives most effectively impact model predictions, and where stochastically
asserted ones are sufficient. Analysis for the particular protein target profiles that benefit under
SNA conditions remain as an avenue for future study. For example, although SNA and SNA +SEA
blacklist models perform similarly, highly promiscuous targets may suffer under SNA, and may
suffer less under SNA +SEA blacklist. We note that SEA is a ligand-based approach and may not
be a sufficiently orthogonal blacklist when considering that our neural networks are trained on
ligand topology. Future studies may address this concern by incorporating biophysical models as

a blacklisting methodology.

19


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

CONCLUSION

The Stochastic Negative Addition (SNA) approach is a pharmacological data-augmentation
procedure for DNNs designed to randomly assert untested negatives for public datasets where
negative data are otherwise lacking. At each training epoch, new negatives are drawn to ensure
that any particular negative choice does not heavily influence the model. We evaluated SNA at
multiple ratios of positives-to-negatives and found that a ratio around 1:1 is optimal. We compared
SNA training for both classification and regression networks trained on ChEMBL20. We found
that, generally, SNA improved predictions on a held-out screening-like benchmark (Drug Matrix)
with minimal effect on a 20% Time Split hold-out. Effectively, this resulted in a lower false
positive rate for the screening scenario. Our random selection of negative data involved minimal
computational overhead. Supplementation of DNN training with stochastic negatives provides an
interim augmentation measure for datasets lacking diverse negative data until more experimental

data becomes publicly available.

METHODS

Data Description

We filtered the ChEMBL20 database!® by small molecule-target affinities with a binding type
“B” and reported affinity values of type ICso, ECso, Ki, or Kq. Adapting the ontology from Visser
et al., we treat all Kj, Kq, ICs0, ECs0, and related values equivalently and broadly refer to the
resulting annotations as “activity concentration 50%” (ACso) values'®. We removed molecules
with MW > 800 Da and protein targets with fewer than 10 positive interactions. We addressed
over-weighting of well-studied molecule-to-target pairs by taking the median across repeated

target-molecule pairs. ChEMBL qualifies affinity using the “Relation” parameter that reports
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whether the true value is greater than, less than, or equal to the reported value. For all relations
except “equals,” we added random noise to the values to express uncertainty (Supplementary Table
3). We transformed all ACso values by —logio to arrive at pACso values for training, such that pACso
> 10 (i.e., < 0.1 nM) would be considered a strong binder and pACso <5 (i.e. > 10 uM) would be
considered inactive. For classification tasks, we used pACso >= 5.0 to establish positive/active
class identity.

Inputs are represented as a 4096-bit RDKit Morgan Fingerprint with a radius of two*®. Predicted
values are the log transforms of affinity as described above (pACso) at 2038 protein targets for

each molecule.

Data Splits

The evaluation benchmarks -- which assess two distinct use cases -- draw on Drug Matrix
[CHEMBL1909046] and a 20% Time Split hold-out,*! and are excluded from the train and cross-
validation sets. For the Time Split hold-out, we set aside approximately the final five years of
ChEMBL activities, as assessed by the first reported publication date for a given interaction
between molecule and protein target (see Code). Like ChEMBL, the Time Split hold-out is
sparsely populated by negative data, but unlike a randomly split ChREMBL hold-out it contains
more unique structures. Drug Matrix is a dataset produced by Iconix Pharmaceuticals that reports
in vitro toxicology data for 870 chemicals across 132 protein targets*?. Of these 132, we used the
84 targets that passed filtering steps defined in Data Description, in our training set from Drug
Matrix as a way to measure how we perform on a set containing a higher ratio of negative data to
positive data. Descriptions of positive and negative attributes for each split are available in

Supplementary Table 4.
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Stochastic Negative Addition

Stochastic Negative Addition (SNA) for multi-task deep neural network training is added in an
online fashion where new negative training examples for molecule-protein pairs are generated at
each epoch to achieve a desired ratio of positives to negatives for each target. For the baseline SNA
model, negatives are selected at random from all unlabeled pairs in the dataset to fulfill the desired
ratio of positives to negatives at the target of interest. To evaluate the impact of potentially mis-
assigning hidden positive examples during training, we developed a second method using the
Similarity Ensemble Approach (SEA)® to blacklist potential interactions during the sampling

procedure (SNA +SEA blacklist). For this method, we excluded from consideration (“blacklisted”)

all otherwise unlabeled pairs that achieved a positive SEA prediction with pSEA > 5. We tested
SNA at the following positive-to-negative ratios to find an optimal balance beginning at the
baseline positive prevalence in Drug Matrix: [0.07, 0.5, 0.6, 0.75, 0.85, 0.95, 1.0, 1.33, 1.54, 2.0,

2.86,4.0, 6.66, 10.0] .

Negatives Removed

To assess the impact of training on purely positive data, we scrubbed all negative data (pACso <
5) from the training set (Negatives Removed) and evaluated it on Time Split and Drug Matrix as
we did for training regimes including negatives such as STD and SNA. We applied SNA to the
training regime as above to evaluate the impact of stochastic negatives on the model’s predictive
ability (Negatives Removed +SNA). Each of the 14 ratios listed above were tested for SNA applied
to models trained on the negatives-removed dataset to evaluate the impact of positive-to-negative

ratios on performance.
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Software

This project was built with Python 2.7. All deep neural networks were implemented and trained
in Lasagne*®® and Theano**. We used RDKit for all handling of molecular structures®. We used
NumPy*® and Scikit-learn*” for performance measures and numerical analyses, and visualizations

were made with Matplotlib*® and Seaborn®.

Multi-task deep neural network model hyperparameters and architecture

As multitask DNN performance is sensitive to architecture and hyperparameter choice, we
optimized hyperparameters and architecture by considering retrospective performance on a
random 20% holdout of the training dataset. We performed a grid search over varied architectures
and manually explored for optimal hyperparameters. Although this optimization is not exhaustive,
we focused this study on a simple representative architecture with three fully connected hidden
layers with 1024, 2048 and 3072 nodes, respectively. We used an input layer of 4096 nodes, the
length of our input fingerprints, and an output layer with 2038 target nodes. We use leaky rectified
linear unit (leaky-ReLU) activation functions® for all hidden layers and L2 weight regularization
with a penalty of 5x107° and mean squared error for the loss function. We employed Stochastic
Gradient Descent (SGD) with Nesterov momentum®! using a fixed learning rate of 0.01 and

t52

momentum of 0.4. Additionally, the hidden layers were subject to dropout’* with probabilities of

0.1, 0.25, 0.25 respectively.

Model Training and Classification Accuracy Assessment

R-Squared. We square the correlation coefficient (r_value) from scipy.stats.linregress.

Area Under the Curve. Area under the curve (AUC) was analyzed for both the precision-recall
curve (AUPRC) and the receiver operating characteristic curve (AUROC). For classification

models, AUC was implemented as in sklearn, with a ground-truth positive threshold set to 5.0 as
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in training. While AUPRC and AUROC are traditionally reported for classification models, we
also reported these metrics for thresholded regression models and denote these with AUROC; and
AUPRC,; for clarity. This usage has two underlying assumptions: 1) chemical screens are
performed to assess hit rates past a certain biological threshold (e.g. p(ACso in molar) >=5), and
2) higher ranking predictions from a regression model are more likely to be tested first by
researchers. Given these assumptions, we post-hoc assessed regression models as classification.
Prediction thresholds were chosen over the max and min of the predictions for a given model in
stepsizes of 0.05 and true values were thresholded at 5.0. At each prediction threshold, true positive
rate/precision, false positive rate, and recall were calculated, then the area under the curve

generated from points.

Source Code

All code necessary to reproduce this work is available at https://github.com/keiserlab/stochastic-

negatives-paper under the MIT License.
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Figure 1. Protein targets are biased for positive interactions in a ChEMBL20 training set.
Target-wise distribution of binding (ligand) vs non-binding molecules in the training set. Each
point represents a single protein target drawn from ChEMBL20. A 1:1 ratio of binders (positives)

and non-binders (negatives) would fall along the dotted line.
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Figure 2. SNA markedly improves screening performance at minimal cost to temporal

benchmarks. Predictions from a regression-based deep neural network model trained on available
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data (STD; red; a,c,e,g) and the same model trained with the addition of stochastically-chosen
negative examples during each epoch (SNA; blue; b,d,f,h) show R? improvements on Drug Matrix
(e,f) with minimal cost to Time Split (g,h) performance. Drug Matrix screening benchmark
improvements translate to regression-as-classification AUROC:; (i) and AUPRC,; (k) plots where
the SNA DNN (blue) outperforms the STD DNN (red). Time Split AUROC; (j) and AUPRC; (1)
plots show small decreases to performance on temporal hold out predictions from SN4 models
(blue). Performance on both hold-out datasets outperform scrambled controls (S7D scrambled -
grey; SNA scrambled - purple), with SNA models showing greater gains over their random
counterparts. SNA scrambled models (i-1; purple) move the baselines for regression-as-
classification closer to 0.5 for AUROC; and the positive-to-negative ratio (dotted line) for

AUPRC..
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Figure 3. Empirically scrambled control models using SNA more closely match expected
random baselines. R? plots of a representative fold from 5-fold cross validation (a-d) illustrate
the predictive behavior of unmodified DNN models trained with y-randomized data (STD
scrambled; grey; a,b) and the equivalent networks trained with the stochastic negative procedure
(SNA scrambled; purple; c,d). Baselines for regression-as-classification AUROC:; (e,f) show the
SNA scrambled random line (purple) is closer to 0.5 (dotted line) than STD scrambled (grey). This
is true for both Drug Matrix (e) and Time Split (f). Regression-as-classification for AUPRC; (g, h)
shows a similar trend where SNA scrambled baselines (purple) approach the ratio of positives-to-
negatives in the Time Split hold out (dotted line) especially when compared to S7D

scrambled(grey).
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Figure 4. Classification DNN models show similar, but not identical trends to regression-as-
classification evaluation on regression models. AUPRC on 5-fold cross-validated classification
networks (b,d,e,f) versus equivalent regression networks (a,c,e,f). For both classification (a,e) and
regression tasks (b,e), networks trained with SNA (SN4; blue) improved Drug Matrix AUPRC
compared to DNNs trained without SNA or other data augmentation (S7D; red). However, SNA
models (blue; solid - regression, hashed - classification; c,d) did not improve or even decreased
Time Split performance compared to STD (red; solid - regression, lightened and hashed -
classification; c,d). AUROC and AUPRC bar plots for Drug Matrix (e) and Time Split (f) illustrate
differences between classification (lighter, hashed bars) and regression models (solid bars) for
SNA models (blue, green), their equivalent networks without SNA (red, orange), and y-
randomized controls (grey, purple, sienna, chartreuse). All DNN models but the Negatives

Removed classification model (e,f; light orange; hashed) outperformed the scrambled benchmarks
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(e,f; sienna; hashed). Regression STD models (red; solid) underperformed classification S7D
models (light red; hashed) for Drug Matrix (e¢) and Time Split (f), but regression Negatives
Removed models (orange; solid) outperformed classification Negatives Removed models for the
same test cases. Regression (solid) models for SNA (blue) outperformed classification (light blue,
hashed) AUROC and AUPRC for Time Split (f) and AUPRC for Drug Matrix (e), but

underperformed for Drug Matrix AUROC.
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Figure 5. The SNA procedure rescues models trained without negative data. R? plots (a-¢) of
the same fold from 5-fold cross validation show Negatives Removed +SNA models (green; b, d)
rescue Drug Matrix predictive capability. Models trained with SNA in place of actual negatives
suffer under the Time Split benchmark when compared to a model trained without negatives or
SNA (Negatives Removed; gold; a, ¢). This Drug Matrix performance boost is consistent across
regression-as-classification AUPRC; and AUROC; metrics on k-fold cross validated networks (e).
For Drug Matrix, SNA models (e; blue, green) outperform equivalent DNNs with no stochastic
negatives added (e; red, orange). SNA does not improve Time Split performance (f; blue, green)
when actual negatives are lacking (f; red, orange). Scrambled controls for each experiment (e,f;
grey, brown, purple, chartreuse) establish a baseline for performance. R?> metrics for SNA
scrambled and Negatives Removed +SNA models are near zero for Time Split and Drug Matrix

(e,f; purple, chartreuse).

31


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Score

Score

Time Split Classification Performance by Negative Ratio

1.0+

0.8+

0.6

0.4+

0.2+

AUROC(SNA)
AUPRC(SNA)

- AUROC(Negatives Removed +SNA)
- AUPRC(Negatives Removed +SNA)

0.0

T
20

T
40

T
60

T
80

Target Percent Negative Composition
(when # neaatives < # positives)

T
100

Drug Matrix Classification Performance by Negative Ratio

1.0+

0.8+

0.6

0.4+

0.2

0.0

AUROC(SNA)
AUPRC(SNA)
- AUROC(Negatives Removed +SNA)
- AUPRC(Negatives Removed +SNA)

T
20

T
40

T
60

T
80

Target Percent Negative Composition
(when # neaatives < # positives)

T
100

Score

Score

1.0+

Time Split Regression Performance by Negative Ratio

0.8+

0.6

0.4+

— AUPRC SNA - AUPRC Negatives Removed +SNA
— R2SNA --- R2 Negatives Removed +SNA
00 T T T T T
0 20 40 60 80 100

1.0+

0.8+

Target Percent Negative Composition
(when # neaatives < # positives))

Drug Matrix Regression Performance by Negative Ratio

0.6 %=

0.4+

024

,~"— AUROC SNA - AUROC Negatives Removed +SNA

— AUPRC SNA - AUPRC Negatives Removed +SNA
— R2SNA --- R2 Negatives Removed +SNA
0.0 T T T T T
0 20 40 60 80 100

Target Percent Negative Composition
(when # neaatives < # positives))

Figure 6. A balanced ratio of positives to negatives achieves the best overall performance.

Increasing the target negative-to-positive ratio improves Drug Matrix performance for

classification (c) and regression (d) up to ~40-50% negatives per target. This increase is observed

with modestly decreased Time Split performance for classification (a) and regression (b) SNA

models. Addition of negatives to a training set with negatives removed (Negatives Removed +SNA,

dashed line) shows minimal effect on Time Split (a,b) and Drug Matrix (c,d) performance

compared to the SNA model without negatives removed from the training set (solid line).

Regression Negatives Removed +SNA models perform similarly to regression SNA DNNs (b,d).
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However, classification Negatives Removed +SNA networks perform worse than classification

SNA models that were trained with pre-existing negative examples (a,c). Shaded areas represent

the maximum and minimum boundaries within 5-fold cross validation.
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Mean
Training  Mean AURO AUROC Mean AUPRC
Dataset Type R? R?std C std AUPRC  std
STD 0.1926 0.0186 0.6886 0.0094  0.1490 0.0077
STD scrambled 0.0154 0.0092 0.5538 0.0099 0.0816 0.0046
SNA 0.4269 0.0272 0.7833 0.0059  0.4405 0.0079

Drug
SNA scrambled Matrix 0.0021 0.0023 0.4842 0.0134  0.0687 0.0030

STD 0.2152 0.0033 0.7388 0.0024  0.9434 0.0008
STD scrambled 0.0513 0.0032 0.6340 0.0033  0.9057 0.0010
SNA 0.1863 0.0012 0.7133 0.0025  0.9401 0.0006

SNA scrambled Time Split 0.0020 0.0016 0.4664 0.0106  0.8540 0.0032

STD 0.6370 0.0041 0.9036 0.0016 0.9837 0.0004
STD scrambled 0.0741 0.0026 0.6584 0.0014  0.9200 0.0019
SNA 0.6428 0.0058 0.9064 0.0026 0.9848 0.0003
SNA scrambled Test 0.0009 0.0004 0.4700 0.0053  0.8685 0.0012
STD 0.9224 0.0095 0.9809 0.0026 0.9972 0.0004
STD scrambled 0.9212 0.0016 0.9814 0.0002 0.9973 0.0000
SNA 0.8971 0.0100 0.9750 0.0025  0.9962 0.0004
SNA scrambled Train 0.8618 0.0217 0.9725 0.0047  0.9958 0.0007

Table 1. Mean and standard deviation (std) across independent 5-fold cross validation for STD

and SNA DNN models.
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ABBREVIATIONS

General Abbreviations

SNA - Stochastic Negative Addition as a procedure; AUROC - AUC of the Receiver Operating
Characteristic Curve (classification); AUPRC - AUC of the Precision-Recall Curve
(classification); AUROC; - AUC of the Receiver Operating Characteristic Curve (regression-as-

classification); AUPRC; - AUC of the Precision-Recall Curve (regression-as-classification)

Model Abbreviations

STD - a “standard” model trained without SNA procedure; STD scrambled - STD model trained
with y-randomization of the input training data; SNA - a model trained with SNA; SNA scrambled
- SNA model trained with y-randomization of the input training data; Negatives Removed - a model
trained with negatives removed from the training set; Negatives Removed scrambled - a Negatives
Removed model trained with y-randomization of the input training data; SNA +SEA blacklist - an
SNA model where ligands with a chance of binding (by SEA) are blacklisted from SNA choice

during training.

36


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

REFERENCES

(1) Feinberg, E. N.; Sur, D.; Wu, Z.; Husic, B. E.; Mai, H.; Li, Y.; Sun, S.; Yang, J,;
Ramsundar, B.; Pande, V. S. PotentialNet for Molecular Property Prediction. ACS Cent Sci 2018,

4(11), 1520-1530.

(2) Mayr, A.; Klambauer, G.; Unterthiner, T.; Steijaert, M.; Wegner, J. K.; Ceulemans, H.;
Clevert, D.-A.; Hochreiter, S. Large-Scale Comparison of Machine Learning Methods for Drug

Target Prediction on ChEMBL. Chem. Sci. 2018, 9 (24), 5441-5451.

(3) Ramsundar, B.; Kearnes, S.; Riley, P.; Webster, D.; Konerding, D.; Pande, V. Massively

Multitask Networks for Drug Discovery. arXiv [stat. ML], 2015.

(4) Ma, J.; Sheridan, R. P.; Liaw, A.; Dahl, G. E.; Svetnik, V. Deep Neural Nets as a Method

for Quantitative Structure-Activity Relationships. J. Chem. Inf. Model. 20185, 55 (2), 263-274.

(5) Yang, K.; Swanson, K.; Jin, W.; Coley, C.; Eiden, P.; Gao, H.; Guzman-Perez, A.; Hopper,
T.; Kelley, B.; Mathea, M.; Palmer, A.; Settels, V.; Jaakkola, T.; Jensen, K.; Barzilay, R. Analyzing
Learned Molecular Representations for Property Prediction. J. Chem. Inf. Model. 2019, 59 (8),

3370-3388.

(6) Stokes, J. M.; Yang, K.; Swanson, K.; Jin, W.; Cubillos-Ruiz, A.; Donghia, N. M.;
MacNair, C. R.; French, S.; Carfrae, L. A.; Bloom-Ackerman, Z.; Tran, V. M.; Chiappino-Pepe,
A.; Badran, A. H.; Andrews, I. W.; Chory, E. J.; Church, G. M.; Brown, E. D.; Jaakkola, T. S.;
Barzilay, R.; Collins, J. J. A Deep Learning Approach to Antibiotic Discovery. Cell 2020, 180 (4),

688-702.e13.

37


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(7) Withnall, M.; Lindel6f, E.; Engkvist, O.; Chen, H. Building Attention and Edge Message
Passing Neural Networks for Bioactivity and Physical-chemical Property Prediction. J.

Cheminform. 2020, 12 (1), 1.

(8) Keiser, M. J.; Roth, B. L.; Armbruster, B. N.; Ernsberger, P.; Irwin, J. J.; Shoichet, B. K.

Relating Protein Pharmacology by Ligand Chemistry. Nat. Biotechnol. 2007, 25 (2), 197-206.

(9) Keiser, M. J.; Setola, V.; Irwin, J. J.; Laggner, C.; Abbas, A. L.; Hufeisen, S. J.; Jensen, N.
H.; Kuijer, M. B.; Matos, R. C.; Tran, T. B.; Whaley, R.; Glennon, R. a.; Hert, J.; Thomas, K. L.
H.; Edwards, D. D.; Shoichet, B. K.; Roth, B. L. Predicting New Molecular Targets for Known

Drugs. Nature 2009, 462 (7270), 175-181.

(10) Lounkine, E.; Keiser, M. J.; Whitebread, S.; Mikhailov, D.; Hamon, J.; Jenkins, J. L.;
Lavan, P.; Weber, E.; Doak, A. K.; Coté, S.; Shoichet, B. K.; Urban, L. Large-Scale Prediction

and Testing of Drug Activity on Side-Effect Targets. Nature 2012, 486 (7403), 361-367.

(11) Sydow, D.; Burggraaff, L.; Szengel, A.; van Vlijmen, H. W. T.; lJzerman, A. P.; van
Westen, G. J. P.; Volkamer, A. Advances and Challenges in Computational Target Prediction. J.

Chem. Inf. Model. 2019, 59 (5), 1728-1742.

(12) Yang, X.; Wang, Y.; Byrne, R.; Schneider, G.; Yang, S. Concepts of Artificial Intelligence
for Computer-Assisted Drug Discovery. Chem. Rev. 2019.

https://doi.org/10.1021/acs.chemrev.8b00728.

(13) Johnson, M. A.; Maggiora, G. M.; American Chemical Society. Meeting. Concepts and

Applications of Molecular Similarity; Wiley-Interscience, 1990.

38


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(14) Ding, H.; Takigawa, I.; Mamitsuka, H.; Zhu, S. Similarity-Based Machine Learning
Methods for Predicting Drug—target Interactions: A Brief Review. Briefings in Bioinformatics.

2014, pp 734-747. https://doi.org/10.1093/bib/bbt056.

(15) Bento, A. P.; Gaulton, A.; Hersey, A.; Bellis, L. J.; Chambers, J.; Davies, M.; Kriiger, F.
A.; Light, Y.; Mak, L.; McGlinchey, S.; Nowotka, M.; Papadatos, G.; Santos, R.; Overington, J.
P. The ChEMBL Bioactivity Database: An Update. Nucleic Acids Res. 2014, 42 (Database issue),

D1083-D1090.

(16) Visser, U.; Abeyruwan, S.; Vempati, U.; Smith, R. P.; Lemmon, V.; Schiirer, S. C.
BioAssay Ontology (BAO): A Semantic Description of Bioassays and High-Throughput

Screening Results. BMC Bioinformatics 2011, 12, 257.

(17) Kurczab, R.; Smusz, S.; Bojarski, A. J. The Influence of Negative Training Set Size on

Machine Learning-Based Virtual Screening. J. Cheminform. 2014, 6, 32.

(18) Japkowicz, N.; Stephen, S. The Class Imbalance Problem: A Systematic Study. Intelligent

data analysis 2002, 6 (5), 429-449.

(19) Chawla, N. V.; Bowyer, K. W.; Hall, L. O.; Kegelmeyer, W. P. SMOTE: Synthetic

Minority Over-Sampling Technique. 7 2002, /6, 321-357.

(20) Buda, M.; Maki, A.; Mazurowski, M. A. A Systematic Study of the Class Imbalance

Problem in Convolutional Neural Networks. arXiv [cs.CV], 2017.

(21) Whitehead, T. M.; Irwin, B. W. J.; Hunt, P.; Segall, M. D.; Conduit, G. J. Imputation of

Assay Bioactivity Data Using Deep Learning. J. Chem. Inf- Model. 2019, 59 (3), 1197-1204.

39


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(22) de la Vega de Ledn, A.; Chen, B.; Gillet, V. J. Effect of Missing Data on Multitask

Prediction Methods. J. Cheminform. 2018, 10 (1), 26.

(23) Huang, C.; Li, Y.; Loy, C. C.; Tang, X. Learning Deep Representation for Imbalanced
Classification. 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR).

2016. https://doi.org/10.1109/cvpr.2016.580.

(24) He, H.; Garcia, E. A. Learning from Imbalanced Data. [EEE Transactions on Knowledge

and Data Engineering. 2009, pp 1263—1284. https://doi.org/10.1109/tkde.2008.239.

(25) Sundar, V.; Colwell, L. The Effect of Debiasing Protein—Ligand Binding Data on
Generalization. Journal of Chemical Information and Modeling. 2020, pp 56-62.

https://doi.org/10.1021/acs.jcim.9b00415.

(26) Dealing with a Data Dilemma. Nat. Rev. Drug Discov. 2008, 7 (8), 632—633.

(27) Heikamp, K.; Bajorath, J. Comparison of Confirmed Inactive and Randomly Selected
Compounds as Negative Training Examples in Support Vector Machine-Based Virtual Screening.

J. Chem. Inf. Model. 2013, 53 (7), 1595-1601.

(28) Lusci, A.; Browning, M.; Fooshee, D.; Swamidass, J.; Baldi, P. Accurate and Efficient
Target Prediction Using a Potency-Sensitive Influence-Relevance Voter. J. Cheminform. 20185, 7,

63.

(29) Mervin, L. H.; Afzal, A. M.; Drakakis, G.; Lewis, R.; Engkvist, O.; Bender, A. Target
Prediction Utilising Negative Bioactivity Data Covering Large Chemical Space. J. Cheminform.

2015, 7, 51.

40


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(30) Kurczab, R.; Bojarski, A. J. The Influence of the Negative-Positive Ratio and Screening
Database Size on the Performance of Machine Learning-Based Virtual Screening. PLoS One 2017,

12 (4), 0175410,

(31) DrugMatrix/ToxFX https://ntp.niehs.nih.gov/results/drugmatrix/index.html (accessed Jun

23,2019).

(32) Svoboda, D. L.; Saddler, T.; Auerbach, S. S. An Overview of National Toxicology
Program’s Toxicogenomic Applications: DrugMatrix and ToxFX. Challenges and Advances in
Computational Chemistry and Physics. 2019, pp 141-157. https://doi.org/10.1007/978-3-030-

16443-0 8.

(33) Chuang, K. V.; Keiser, M. J. Adversarial Controls for Scientific Machine Learning. ACS

Chem. Biol. 2018, 13 (10), 2819-2821.

(34) Lipinski, P. F. J.; Szurmak, P. SCRAMBLE’N’GAMBLE: A Tool for Fast and Facile
Generation of Random Data for Statistical Evaluation of QSAR Models. Chemical Papers. 2017,

pp 2217-2232. https://doi.org/10.1007/s11696-017-0215-7.

(35) Riicker, C.; Riicker, G.; Meringer, M. Y-Randomization and Its Variants in QSPR/QSAR.

J. Chem. Inf. Model. 2007, 47 (6), 2345-2357.

(36) Tropsha, A. Best Practices for QSAR Model Development, Validation, and Exploitation.

Mol. Inform. 2010, 29 (6-7), 476-488.

(37) Wallach, I.; Heifets, A. Most Ligand-Based Classification Benchmarks Reward

Memorization Rather than Generalization. J. Chem. Inf. Model. 2018, 58 (5), 916-932.

41


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(38) Rogers, D.; Hahn, M. Extended-Connectivity Fingerprints. J. Chem. Inf. Model. 2010, 50

(5), 742-754.

(39) Axen, S. D.; Huang, X.-P.; Céceres, E. L.; Gendelev, L.; Roth, B. L.; Keiser, M. J. A
Simple Representation of Three-Dimensional Molecular Structure. J. Med. Chem. 2017.

https://doi.org/10.1021/acs.jmedchem.7b00696.

(40) Kearnes, S.; McCloskey, K.; Berndl, M.; Pande, V.; Riley, P. Molecular Graph

Convolutions: Moving beyond Fingerprints. J. Comput. Aided Mol. Des. 2016, 30 (8), 595—608.

(41) Sheridan, R. P. Time-Split Cross-Validation as a Method for Estimating the Goodness of

Prospective Prediction. J. Chem. Inf. Model. 2013, 53 (4), 783-790.

(42) Ganter, B.; Tugendreich, S.; Pearson, C. I.; Ayanoglu, E.; Baumhueter, S.; Bostian, K. A_;
Brady, L.; Browne, L. J.; Calvin, J. T.; Day, G.-J.; Breckenridge, N.; Dunlea, S.; Eynon, B. P.;
Furness, L. M.; Ferng, J.; Fielden, M. R.; Fujimoto, S. Y.; Gong, L.; Hu, C.; Idury, R.; Judo, M.
S. B.; Kolaja, K. L.; Lee, M. D.; McSorley, C.; Minor, J. M.; Nair, R. V.; Natsoulis, G.; Nguyen,
P.; Nicholson, S. M.; Pham, H.; Roter, A. H.; Sun, D.; Tan, S.; Thode, S.; Tolley, A. M,;
Vladimirova, A.; Yang, J.; Zhou, Z.; Jarnagin, K. Development of a Large-Scale Chemogenomics
Database to Improve Drug Candidate Selection and to Understand Mechanisms of Chemical

Toxicity and Action. J. Biotechnol. 2005, 119 (3), 219-244.

(43) Dieleman, S.; Schliiter, J.; Raffel, C.; Olson, E.; Senderby, S. K.; Nouri, D.; Maturana, D.;
Thoma, M.; Battenberg, E.; Kelly, J.; Fauw, J. D.; Heilman, M.; de Almeida, D. M.; McFee, B.;
Weideman, H.; Takacs, G.; de Rivaz, P.; Crall, J.; Sanders, G.; Rasul, K.; Liu, C.; French, G.;

Degrave, J. Lasagne: First Release. August 2015. https://doi.org/10.5281/zenodo.27878.

42


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(44) The Theano Development Team; Al-Rfou, R.; Alain, G.; Almahairi, A.; Angermueller, C.;
Bahdanau, D.; Ballas, N.; Bastien, F.; Bayer, J.; Belikov, A.; Belopolsky, A.; Bengio, Y.;
Bergeron, A.; Bergstra, J.; Bisson, V.; Snyder, J. B.; Bouchard, N.; Boulanger-Lewandowski, N.;
Bouthillier, X.; de Brébisson, A.; Breuleux, O.; Carrier, P.-L.; Cho, K.; Chorowski, J.; Christiano,
P.; Cooijmans, T.; Coté, M.-A.; Coté, M.; Courville, A.; Dauphin, Y. N.; Delalleau, O.; Demouth,
J.; Desjardins, G.; Dieleman, S.; Dinh, L.; Ducoffe, M.; Dumoulin, V.; Kahou, S. E.; Erhan, D.;
Fan, Z.; Firat, O.; Germain, M.; Glorot, X.; Goodfellow, I.; Graham, M.; Gulcehre, C.; Hamel, P.;
Harlouchet, 1.; Heng, J.-P.; Hidasi, B.; Honari, S.; Jain, A.; Jean, S.; Jia, K.; Korobov, M.;
Kulkarni, V.; Lamb, A.; Lamblin, P.; Larsen, E.; Laurent, C.; Lee, S.; Lefrancois, S.; Lemieux, S.;
Léonard, N.; Lin, Z.; Livezey, J. A.; Lorenz, C.; Lowin, J.; Ma, Q.; Manzagol, P.-A.; Mastropietro,
O.; McGibbon, R. T.; Memisevic, R.; van Merriénboer, B.; Michalski, V.; Mirza, M.; Orlandi, A.;
Pal, C.; Pascanu, R.; Pezeshki, M.; Raffel, C.; Renshaw, D.; Rocklin, M.; Romero, A.; Roth, M.;
Sadowski, P.; Salvatier, J.; Savard, F.; Schliiter, J.; Schulman, J.; Schwartz, G.; Serban, 1. V_;
Serdyuk, D.; Shabanian, S.; Simon, E. Spieckermann, S.; Ramana Subramanyam, S.; Sygnowski,
J.; Tanguay, J.; van Tulder, G.; Turian, J.; Urban, S.; Vincent, P.; Visin, F.; de Vries, H.; Warde-
Farley, D.; Webb, D. J.; Willson, M.; Xu, K.; Xue, L.; Yao, L.; Zhang, S.; Zhang, Y. Theano: A

Python Framework for Fast Computation of Mathematical Expressions. arXiv [cs.SC], 2016.
(45) Landrum, G. RDKit. Q2 2010.
(46) Oliphant, T. Guide to NumPy: 2nd Edition; CreateSpace, 2015.

(47) Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel,

M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; Vanderplas, J.; Passos, A.; Cournapeau, D.; Brucher,

43


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

M.; Perrot, M.; Duchesnay, E. Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res.

2011, 72 (Oct), 2825-2830.

(48) Hunter, J. D. Matplotlib: A 2D Graphics Environment. Comput. Sci. Eng. 2007, 9 (3), 90—

95.

(49) Waskom, M.; Botvinnik, O.; O’Kane, D.; Hobson, P.; Lukauskas, S.; Gemperline, D. C.;
Augspurger, T.; Halchenko, Y.; Cole, J. B.; Warmenhoven, J.; de Ruiter, J.; Pye, C.; Hoyer, S.;
Vanderplas, J.; Villalba, S.; Kunter, G.; Quintero, E.; Bachant, P.; Martin, M.; Meyer, K.; Miles,
A.; Ram, Y.; Yarkoni, T.; Williams, M. L.; Evans, C.; Fitzgerald, C.; Brian; Fonnesbeck, C.; Lee,
A Qalieh, A. Mwaskom/seaborn: v0.8.1 (September 2017); 2017.

https://doi.org/10.5281/zenodo.883859.

(50) Maas, A. L.; Hannun, A. Y.; Ng, A. Y. Rectifier Nonlinearities Improve Neural Network

Acoustic Models. In Proc. icml; 2013; Vol. 30, p 3.

(51) Nesterov, Y. A Method of Solving a Convex Programming Problem with Convergence

Rate O(1/k” 2). In Soviet Math. Dokl; Vol. 27.

(52) Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, 1.; Salakhutdinov, R. Dropout: A
Simple Way to Prevent Neural Networks from Overfitting. J. Mach. Learn. Res. 2014, 15 (1),

1929-1958.

44


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.05.21.107748; this version posted May 22, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

TOC GRAPHIC

M Ol e C l I |e S 020 STD Predictions for Drug Matrix
:
20.10]
BE :
=== I i
2 + i
* 0.00 _ > |
=2 0 2 4 6 8 10 12 14 16
DACS0 - |

randomly sample i
Molecules negative interactions

SNA Predictions for Drug Matrix
1| - ..
m . ' 30 ‘4' |I|||][|Im| |

Proteins
1|

‘umu v

g om
0.

...........

45


https://doi.org/10.1101/2020.05.21.107748
http://creativecommons.org/licenses/by/4.0/

