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eLife Assessment

This study reports valuable findings that highlight the importance of data quality
and data representation for ligand-based virtual screening experiments. The authors'
claims are supported by solid evidence, although the conclusions have been inferred
from only two datasets. The work would gain much impact if additional datasets were
used. The main findings will be of interest to cheminformaticians and medicinal
chemists working in QSAR modeling, and possibly in other areas related to machine
learning.

https://doi.org/10.7554/eLife.97821.2.sa4

Abstract

summary

Researchers have adopted model-centric artificial intelligence (AI) approaches in
cheminformatics by using newer, more sophisticated AI methods to take advantage of
growing chemical libraries. It has been shown that complex deep learning methods
outperform conventional machine learning (ML) methods in QSAR and ligand-based virtual
screening.l..‘.g.. but such approaches generally lack explanability. Hence, instead of developing
more sophisticated Al methods (i.e., pursuing a model-centric approach), we wanted to
explore the potential of a data-centric Al paradigm for virtual screening. A data-centric Al is
an intelligent system that would automatically identify the right type of data to collect, clean
and curate for later use by a predictive Al and this is required given the large volumes of
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chemical data that exist in chemical databases — PubChem alone has over 100 million unique
compounds. However, a systematic assessment of the attributes and properties of suitable
data is needed. We show here that it is not the result of deficiencies in current Al algorithms
but rather, poor understanding and erroneous use of chemical data that ultimately leads to
poor predictive performance. Using a new benchmark dataset of BRAF ligands that we
developed, we show that our best performing predictive model can achieve an
unprecedented accuracy of 99% with a conventional ML algorithm (SVM) using a merged
molecular representation (Extended + ECFP6 fingerprints), far surpassing past performances
of virtual screening platforms using sophisticated deep learning methods. Thus, we
demonstrate that it is not necessary to resort to the use of sophisticated deep learning
algorithms for virtual screening because conventional ML can perform exceptionally well if
given the right data and representation. We also show that the common use of decoys for
training leads to high false positive rates and its use for testing will result in an over-
optimistic estimation of a model’s predictive performance. Another common practice in
virtual screening is defining compounds that are above a certain pharmacological threshold
as inactives. Here, we show that the use of these so-called inactive compounds lowers a
model’s sensitivity/recall. Considering that some target proteins have a limited number of
known ligands, we wanted to also observe how the size and composition of the training data
impact predictive performance. We found that an imbalance training dataset where inactives
outnumber actives led to a decrease in recall but an increase in precision, regardless of the
model or molecular representation used; and overall, we observed a decrease in the model’s
accuracy. We highlight in this study some of the considerations that one needs to take into
account in future development of data-centric Al for CADD.

Introduction

The discovery and development of a new drug and subsequently, bringing it onto the market is
challenging and a major burden on time and finances. In a study of 63 drugs developed by 47
companies (between 2009 and 2018), it was estimated that the average cost of bringing a new drug

aided drug design (CADD) methods, which has been relatively successful®"”. CADD allows
researchers to better focus on drug experiments that have a higher likelihood of success.

In recent years, interest in AI/ML, particularly deep learning methods for CADD has grown. Deep
neural networks have been shown to outperform machine learning (ML) algorithms like random
forest (RF) and support vector machine (SVM) for quantitative structure-activity relationship
(QSAR) and ligand-based virtual screening (LBVS). An example being Dahl et al.’s multi-task deep
neural network (MT-DNN) which was the best performing architecture in the Merck Molecular
Activity Kaggle Challenge.z....@..’.a.’...@‘y... A molecule is normally tested in multiple assays and their MT-
DNN was trained so that the multiple output neurons each predicts the activity of the input
molecule in a different assay. Following the Merck Challenge, researchers performed a detailed
study that specifically compared the performance of deep neural nets (DNN) models to RF models
and showed that DNN models routinely made better predictions on a series of large, diverse QSAR
datasets generated as part of Merck’s drug discovery efforts22. However, contrary to findings of
the above studies, when using DNN, RF and variable nearest neighbour (one of the simplest ML
methods) to predict the molecular activities of 21 in vivo and in vitro datasets, Liu et al. reported
that the overall performance of the three methods were similar®%Z. This work leads us to question
whether this trend to develop more advanced and complex AI methods would really result in any

further significant improvements for QSAR/virtual screening.

In 2021, Dr Andrew Ng proposed that Al scientists should attempt to develop data-centric Al

approaches instead of the currently pursued model-centric Al approaches?..@..’?..'?’.’...
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A model-centric Al approach involves 1mpr0v1ng/bu11d1ng on the AT algorithm to improve the
model’s predictive performance -. In contrast, a data-centric AI approach is one where
automated methods are developed to improve data quality or to tune the data used by the
predictive model - for example, such methods could check for consistency in the labelling of the
data and automatically flag mislabelled data — and in so doing, improve the model’s predictive
performance.

With some chemical databases like PubChem containing well over 100 million compounds’!Z. and
with the urgent need for large, clean datasets for deep learning methods, cheminformaticians are
challenged to manually curate clean and consistent benchmark chemical datasets from large
chemical libraries. Thus, it makes sense to develop data-centric AI approaches that can
automatically do this for CADD. However, before we can develop such an approach, we need to
understand what attributes/properties constitute good data for CADD. We believe there are four
pillars of cheminformatics data that drives AI performance — namely, data representation, data
quality, data quantity and data composition — and we were keen to investigate how each of these
pillars contribute to an improved Al performance.

Al research generally begins with the extraction and acquisition of high quality data. But as data
sets become larger and more sophisticated, manual data cleaning, restructuring and feature
engineering becomes more challenginglg.@.‘.]..4.9.‘.. In a recent study, Northcutt et al.l>% found label
errors in the test sets of 10 of the most commonly-used computer vision, natural language, and
audio benchmark datasets. On average, they found 3.3% errors across the 10 datasets - for
example, the ImageNet validation set contained 6% (over 2,900 errors) label errors. Poor data
quality can lead to biased AI models while insufficient data results in non-representative models
that are unable to generalize and accurately predict from real-world data. However, in
cheminformatics, it would appear that the latter is not an issue as there has been an exponential
growth in chemical data: in 2010, PubChem contained 27,443,646 records of unique chemical
structure compounds and by 2021, this had grown to around 111 million unique chemical

structures (~four-fold) 16521722,

Given Northcutt et al.’s findings, we felt that it was important for us to build a new benchmark
chemical dataset that we could be confident of and which could be used with an Al to achieve
superior performance. Only when we have a superior Al model that gives exceptional
performance can we be certain that any change in the AI’s performance is indeed due to
perturbations in our data and not because of an imperfect AI model. Thus, we carefully curated a
new dataset of BRAF actives and inactives that we used for developing LBVS Al models for BRAF
ligands. BRAF ligands are a well- studied class of drugs and there is much interest to develop
potent BRAF antagonists that will suppress the actions of the constitutively-active mutant BRAF
protein found in cancers like colorectal cancer and lung adenocarcinoma 1822122 Our results
showed that that models trained on our BRAF dataset could attain near-perfect accuracy and so,
this allowed us to design a set of experiments to test how each of the four pillars of
cheminformatics data impacts on Al performance.

Enhancing data is not just about increasing the size (and representativeness) of the dataset but
also about choosing the right data representation for a learning task. We tested the performance of
different ML algorithms employing various molecular representations to evaluate how molecular
representations affect ML algorithm performances. There have also been studies that have

proposed the use of merged molecular representationsz.z.. ...... —2403 ThlS mult1—representat10n of

250
emerging direction in AI/ML with 1mp11cat10ns for improved generahzatlon performance. We
systematically tested if paired fingerprint combinations can do a better job of describing a
molecule and outperform a single (standalone) fingerprint in LBVS. For this, we tested 10
standalone fingerprints and their 45 paired combinations to shed light on (1) what is the best type
of molecular representation for virtual screening (i.e., substructure key-based, topological, path-
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based or circular fingerprints, and single or merged fingerprints) and (2) how the interplay
between molecular representations and different ML algorithms contributes to the changes (if
any) in predictive performance. In all, we developed and assessed 1,375 predictive models for
LBVS of BRAF ligands.

Next, we investigated the impact that data quality, data quantity and data composition have on
predictive performance. Using four top predictive models that utilizes only a single molecular
fingerprint, namely, [i] SVM+ECFPS, [ii] RE+ECFPS, [iii] SVM+Daylight-like, and [iv] RF+Extended,
we show how current conventional usage of data in CADD can be improved to enhance data
quality. For example, a common practice in CADD is the use of DUD-E decoys as inactives but a
recent study showed that a hidden bias in these decoys affects predictions for structure-based
virtual screening (SBVS) <7.=052m Thus, we wanted to see if this hidden bias also affects LBVS. In
addition, we also explored how dataset size and composition impacts the performance of the Al
models.

Results

Assessment of machine learning

algorithms for ligand-based screening

Five balanced training datasets of BRAF actives and inactives were used to train five conventional
machine learners: k-nearest neighbours (kNN), Naive Bayes (NBayes), gradient-boosted decision
tree (GBDT), RF and SVM. We created in total 1,375 predictive models - 5 predictive models for
each ML algorithm using one of 55 different molecular representations. For all predictive models,
we observe that no real difference between the average accuracy achieved in cross-validation and
that achieved on the hold-out test set, for all 55 molecular representations used (Figure 1 and
Supplemental Table 1); for example, for the SVM model trained with Estate fingerprint (the worst
performing SVM model), cross-validation attained an accuracy of 85.2% while testing gave an
accuracy of 85.7% and in some cases, the average accuracy achieved in cross-validation and
testing were the same (SVM using either CATS2D [accuracy=97.1%] or Extended [accuracy=98.1%]).
This suggest no overfitting, regardless of the ML algorithm or molecular representation used, and
that our training and testing sets are representative of the BRAF class of drugs.

The best performance was achieved by an SVM model using the paired (ECFP6+Extended)
fingerprints with an average percentage accuracy of 99.05% on the hold-out test set, followed very
closely by the RF model using only the ECFP6 fingerprint that gave a 98.48% accuracy. SVM and RF
had previously been shown to perform well in virtual screenings for BACE1 inhibitors when
compared against other conventional machine learners (RF achieving AUC-ROC of 0.867)>.=. 72552
but to the best of our knowledge, the level of accuracy achieved here for our BRAF ligand dataset
is unprecedented for a LBVS platform.

In general, all five ML algorithms tested were able to achieve similar levels of predictive
performance, with the best performing models for each ML algorithm all achieving an accuracy of
above 97%. We should also highlight that there was no feature selection performed on our training
data prior to its use. In fact, the RF models were able to give a superior performance without even
needing to tune the default parameters.

Among all predictive models, the worst performing model was the Naive Bayes model using the
Estate fingerprint (accuracy = 59.4%). But this shouldn’t come as a surprise. The conditional
independence assumption of Naive Bayes classifiers means that it can use high-dimensional
features with limited training data compared to more sophisticated methods. And here we can see
that this is indeed the case with the feature-rich molecular representations, ECFP6 and FCFP6
(each containing 22%.7. bits), being able to achieve an accuracy of above 98% with Naive Bayes

Allen Chong et al., 2024 eLife. https://doi.org/10.7554/eLife.97821.2 4 of 28


https://doi.org/10.7554/eLife.97821.2

7 eLife

(comparable to levels attained by the other ML algorithms). Conversely, we should avoid using
Naive Bayes if the feature space for the molecular representation is small or sparse, like Estate (79
bits).

Assessment of molecular representations

for ligand-based screening

For all ML algorithms that we tested, the worst performing predictive models were derived from
those that had used only the Estate fingerprint to represent the molecules. This is unsurprising
considering that the Estate fingerprint is a 79-bit vector which serves as an atom-centred index
that describes the arrangement/connectivity and electronic environment of atoms in a
molecule??%23%%. However, what is surprising is that a relatively simple 79-bit molecular
representation can achieve a predictive performance of above 85% accuracy on all but one ML
algorithm - this result is almost on par with some Tox21 challenge winners, for example, dmlab
which achieved an AUC-ROC of 0.828 for their screening of androgen receptor agonist and
microsomes which achieved an AUC-ROC of 0.827 for their prediction of small molecule agonists of

the estrogen receptor alpha (ER-alpha) signaling pathway>.2322,

For predictive models using only a standalone fingerprint, ECFP6 consistently ranked among the
top 3 fingerprints for all ML algorithms (Table 1). All models generated using ECFP6 as a
standalone fingerprint managed to achieve an accuracy of above 96% with ECFP6 performing best
with RF (98.48%) and SVM (98.93%). Furthermore, in all but one ML algorithm, the best
performing models for these machine learners employed ECFP6 either in a paired fingerprint
combination or as a standalone fingerprint. Even in the case of GBDT where the best model used a
paired combination of AtomPair and Daylight-like fingerprints (97.36% accuracy), it should be
noted that a model using a combination of ECFP6 with the AtomPair fingerprint followed closely
with a 97.16% accuracy. Overall, the best predictive model was obtained from a paired
combination of ECFP6 and Extended fingerprints in a SVM model (99.05%). Considering that ECFP6
occupies a feature space of 22752 bits, this fingerprint obviously provides a very detailed
representation of a molecule and so, would undoubtedly be able to describe a molecule accurately
and therefore, be useful in a classification task. These results suggest ECFP6 can be an effective
molecular representation for LBVS regardless of whether it is used on its own or in combination
with another fingerprint and would perform well irrespective of the ML algorithm in a data-
driven approach.

So, is there any advantage in using a paired fingerprint combination to train our machines? As we
can see with SVM, the pairing of Extended fingerprint with ECFP6 gave a slight improvement in
accuracy and in fact, produced the best predictive model (Figure 1a® and Supplemental Table 1).
But more is not always better; there are instances where combining two molecular fingerprints
offers no synergistic benefit and in fact, one might even observe a poorer performance from a
paired fingerprint compared to the performance obtained by one of the standalone fingerprints
that make up the pair. For example, the topological torsion fingerprint can achieve an average of
98.34% accuracy on its own but when combined with PubChem fingerprint, this drops to 97.86%.
However, in some cases, this drop in accuracy may, in fact, offer an advantage; using ECFP6 on its
own in the RF models, we obtain a 98.48% accuracy but pairing it with the Daylight-like
fingerprint, this drops very slightly to 98.44%, but by sacrificing some accuracy, we attain near
perfect precision for the model (increasing from 0.9892 to 0.9976) (Supplemental Table 1). For wet
lab validation, compromising on accuracy to attain a high level of precision is desirable because it
means that the chances of wasting time and resource validating a compound that is likely to be
false positive is low.
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Figure 1a

Accuracy of models generated with various single and paired molecular representations using support vector machine (SVM)

during cross-validation (purple heatmap) and testing (blue heatmap)
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Table 1a
The top performing standalone fingerprints for each of the 5 ML algorithms
Top 3 standalone fingerprints for each ML algorithm (% accuracy)
Rank GBDT NBayes kNN RF SVM
1. AtomPair ECFP6 FCFP6 ECFP6 FCFP6
(97.06) (98.17) (97.64) (98.48) (98.54)
2. Daylight-like FCFP6 Extended FCFP6 ECFP6
(96.6) (98.06) (97.36) (98.24) (98.5)
3. ECFP6 (96.46) PubChem ECFP6 Extended Daylight-like
(96.06) (97.24) (98.2) (98.44)

Table 1b

The best and worst performing models using a merged fingerprint for all 5 ML algorithms

GBDT NBayes kNN RF SVM

Worst Estate Estate Estate Estate Estate
Performing | (88.19) (59.44) (85.13) (92.13) (85.67)

Molecular Models

representations

(% Accuracy) Best AtomPair [i] PubChem + FCFP6; FCFP6 ECFP6 Extended
Performing | . Daylight [ii] Extended + FCFP6  + ECFP6 (98.48) + ECFP6
Models (97.36) [iii] ECFP6 +FCFP6 (98.22) (99.05)

(97.90)
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The role that dataset composition and size plays in performance

Current leading approaches in Al are data-hungry, requiring access to big data to accomplish its
training tasks>3%2. This may not work well in cheminformatics. For LBVS, we rely solely on prior
knowledge of known ligands to train our models to predict potential hits, however, some targets
have only a limited number of ligands. To illustrate this point, ChREMBL contained information for
6778 human protein targets at the time of writing (April, 2023) but more than half have 500 or less
associated 1igands..3..‘.‘..‘._f’.’)... Such targets may not benefit from model-centric approaches as the

requisite large datasets are unavailable.

Although known ligands for a protein target is limited, the wealth of information in chemical
databases like ChEMBL offer an almost unlimited opportunity to mine inactives for use in Al
training for quantitative structure-activity relationship (QSAR) and LBVS. We wanted to see how
the relative numbers of actives to inactives would impact performance and particularly, if an
overabundance of inactives in the training dataset could compensate for a lack of actives on our
four chosen predictive models: (i) SVM+ECFPS, (ii) RF+ECFPS, (iii) SVM+Daylight-like, and (iv)
RF+Extended. We hypothesized that the use of a large dataset of inactives could improve
performance when presented with a finite number of actives.

Model performance was tested in two different scenarios where: (1) the number of inactives
increased equally with the number of actives in the training dataset and (2) the ratio of the
number of inactives to actives increases for the training dataset. For this latter scenario, the
number of inactives were fixed at 3600 while the number of actives were successively decreased
from 3600 to 500 actives in the training dataset.

For the SVM models, when the number of actives is fixed, increasing the number of inactives did
not have a significant impact on accuracy. With training datasets containing only 500 actives,
increasing the number of inactives from 500 to 3600 resulted in a drop in the accuracy drop from
96.42% (Table 2b(@) to 95.73% (Table 2a @) for the SVM+Daylight-like model - a difference of
0.69% in accuracy.

However, for the RF models, the difference in accuracy was conspicuous: the accuracy for the
RF+ECFP6 model fell from 98.4% for the full training dataset (3600 actives, 3600 inactives) to
94.71% with the imbalanced (500 actives, 3600 inactives) training dataset. In fact, the performance
of the model trained on a balanced (500 actives, 500 inactives) dataset still managed an accuracy of
97.2%. In other words, where the number of actives was fixed at 500, increasing the number of
inactives from 500 to 3600 in the RF+ECFP6 model saw a drop in accuracy from 97.2% to 94.71% - a
difference of 2.49%.

In short, our study shows that, given a finite number of actives, having a large number of inactives
in the training dataset does not improve model accuracy. Furthermore, certain algorithms (like RF)
are more sensitive to imbalanced training data than others (SVM) (Tables 2a @ and 2b ) due to
stronger affectations on the recall/sensitivity of RF models than SVM models (Table 2c ).

Regardless of the ML model and/or molecular representation used, recall/sensitivity decreases as
the size of inactives in the training dataset increases (relative to the size of actives) while precision
increases (Tables 2c@ and 2d @). In a previous study where the number of actives were kept
constant while increasing the number of inactives, Rodriguez-Pérez et al. had also found that
precision improves as the ratio of inactives to actives increases 382 They also found that they

needed at least 100 actives and 500 inactives to achieve near maximal recall (they achieved a
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Table 2a

Accuracy (%) of models trained with an imbalanced training dataset where the number of BRAF
actives is decreased but the number of BRAF inactives is maintained at a fixed number (3600)

Accuracy (%) of models trained with decreasing number of BRAF actives
Actives:Inactive SVM+ECFP6 SVM+Daylight-like RF+ECFP6 RF+Extended
3600:3600 98.60 98.30 98.40 97.90
3000:3600 98.11 98.11 98.60 98.30
2500:3600 98.11 97.91 98.30 97.90
2000:3600 98.41 97.81 97.90 97.80
1500:3600 97.91 97.42 98.10 97.40
1000:3600 97.22 96.92 97.60 96.60

500:3600 96.32 95.73 94.71 93.91
Performance
difference between 2.28 2.57 3.69 3.99
biggest and

I datasets

Table 2b

Accuracy (%) of models trained with a balanced training dataset where the
numbers of BRAF actives and BRAF inactives are both similarly decreased

Accuracy (%) of models trained with decreasing number of BRAF actives and inactives
Actives:Inactive SVM+ECFP6 SVM+Daylight-like RF+ECFP6 RF+Extended
3600:3600 98.60 98.30 98.40 97.90
3000:3000 98.31 98.01 98.40 98.10
2500:2500 98.21 97.91 98.20 97.30
2000:2000 98.11 97.81 98.00 97.50
1500:1500 98.01 97.62 98.20 97.30
1000:1000 97.62 97.12 97.60 96.00
500:500 97.22 96.42 97.20 96.10
Performance
difference between 1.38 1.88 1.20 1.80
biggest and

I datasets

Table 2c

Recall and precision (%) of models trained with an imbalanced
training dataset where the number of BRAF actives is decreased but
the number of BRAF inactives is maintained at a fixed number (3600)

Model | Performance Imbalanced Training Dataset (actives:inactives)
Metrics (%)
3600:3600 | 3000:3600 | 2500:3600 | 2000:3600 | 1500:3600 | 1000:3600 | 500:3600
(i) Recall 98.20 98 97.80 97.80 96.81 95.41 93.81
Precision 98.98 98.79 98.99 99.59 99.59 99.58 99.37
(ii) Recall 98.40 98.40 98 97.60 96.81 95.41 92.61
Precision 98.21 98.40 98.40 98.59 98.58 98.96 99.36
(iii) Recall 98 98 97.41 96.61 96.41 95.41 89.42
Precision 98.79 99.19 99.19 99.18 99.79 99.79 100
(iv) Recall 1 97.60 97.80 97.21 96.61 | 95.21 93.41 87.82
Precision 98.19 98.79 98.58 98.98 99.58 99.79 100

Key: (i) SVM+ECFPS, (ii) SVM+Daylight-like, (iii) RF+ECFP6, and (iv) RF+Extended.
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for RF models - recall for RF models suffered greatly when the number of actives fall below 1000:
for the RF+Extended model, recall fell from 93.41% when trained on (1000 actives, 3600 inactives)
to 87.82% for the model trained on (500 actives, 3600 inactives) (Table 2c¢@).

Although recall fell considerably, all SVM and RF models were able to achieve near-perfect (>99%)
or perfect precision when we trained with only 500 actives but provided over seven times the
number of inactives (3600 inactives) (Table 2c ). It is also interesting to note that with a balanced
training dataset, there was only a slight change in recall and precision for SVM and RF models
even when both the number of actives and inactives in the training dataset drops from 3600 to
500, compared to models trained on the imbalanced datasets — in general, all models trained on a
balanced dataset were able to attain >96% for both recall and precision (Tables 2c @ and 2d &@).

Despite the drop in recall and accuracy, we recommend that when faced with a limited number of
actives for a target, one should increase the number of inactives used in training to lessen false
positive predictions. It should be noted that no class weights were introduced when we trained
our Al models on the imbalance datasets. Finally, the SVM+ECFP6 model was the most robust
among the four models tested as its accuracy, recall and precision were little affected by the
change in data composition or size.

Choice of inactives is crucial for training

(i) Less active versus inactive

In many QSAR and LBVS studies, we often see the use of an arbitrary IC50 threshold to divide
ligands into 2 classes, actives and inactives — for example, compounds that have an IC50 below 10
uM for a target protein are considered “actives” and those that have an IC50 of 10 uM or more are
considered “inactives”282.302-41% we hypothesized that the use of such “inactive” ligands in
training could reduce the model’s predictive performance since it is likely that these “inactives”
are not really inactive but perhaps, just “less active”. We also recognise that the measurement of
IC50 is dependent on the assay and condition under which it is tested. An IC50 curve shifts to the
right if the expression/concentration of the protein is high in the cell/assay used to test the drug,
thereby making what may be an “active” compound appear to be “inactive”. Here, we set out to

see whether the use of these “less actives” affects a model’s predictive performance.

Before proceeding with our comparative studies with the “less actives”, we set out to first establish
the baseline accuracy for our 4 predictive models. We created 10 new balanced, hold-out test sets
to allow for an unbiased assessment of the 4 predictive models. The accuracy of each model is
fairly consistent across all ten test sets, averaging at around 97% for the 4 predictive models (Table
3@ and Supplemental Table 2). This suggests that the original test set used was not biased and
that the assessment of the ML models in above study (Figures 1a(®-d (¥) was valid. These results
provide further evidence that the curated BRAF dataset used for training is of high quality and can
be used as a reliable benchmark for future virtual screening methods. Finally, these results also
form the baseline for the comparative studies below.

To test how “less actives” compounds would affect the predictive performance of the models, we
identified 510 BRAF ligands in ChEMBL whose IC50 were more than 10 pM. We used these in a
“spike-in” experiment to see if the introduction of these “less actives” in the original training
dataset for our ML models would change their performance. We created 3 training datasets in
which 5% (180), 10% (360) and 14% (510) of the inactives in the original training dataset were
replaced with these “less actives”. In every instance, our results show that the level of accuracy of
the model falls as the number of “less actives” in the training dataset increases (Table 32 and
Supplemental Table 2). Not surprisingly, this drop in performance is due in large part to a drop in
recall, meaning that the models trained on “less actives” are less able to correctly recognise certain
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Table 2d

Recall and precision (%) of models trained with a balanced training dataset where
the numbers of BRAF actives and BRAF inactives are both similarly decreased

Model | Performance Balanced Training Dataset (actives:inactives)
Metrics (%)
3600:3600 | 3000:3000 | 2500:2500 | 2000:2000 | 1500:1500 | 1000:1000 | 500:500
(i) Recall 98.20 98.40 98 97.80 97.80 97.80 97.21
Precision 98.98 98.80 98.99 98.99 98.79 98 97.79
(ii) Recall 98.40 98.20 98 97.80 97.60 97.01 96.61
Precision 98.21 98.40 98.40 98.39 98.19 97.79 96.80
(iii) Recall 98 98 97.80 97.60 97.41 96.81 95.81
Precision 98.79 98.79 98.59 98.39 98.99 98.38 98.56
(iv) Recall 97.60 98 97 97.80 96.81 95.81 96.21
Precision 98.19 98.2 97.59 97.22 97.78 96.19 96.02
Key: (i) SVM+ECFPS, (ii) SVM+Daylight-like, (i) RF+ECFP6 and (iv) RF+Extended.

Table 3

Average accuracy for the ‘spiked-in’ “less active”-trained models based

on testing with 10 balanced BRAF actives and inactives hold-out test sets

ML +Fingerprint

Average Accuracy(%)

Training sets

3600 actives /
3600 inactives

3600 actives /
3420 inactives /
180 less actives

3600 actives /
3240 inactives /
360 less actives

3600 actives /
3060 inactives /
510 less actives

SVM+ECFP6 97.16 96.83 95.86 95.66
SVM-+Daylight-like 97.17 96.40 95.83 94.91
RF+ECFP6 97.74 96.24 95.81 95.34
RF+Extended 96.85 95.54 94.99 94.76
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Figure 1b

Accuracy of models generated with various single and paired molecular representations using random forest (RF) during

cross-validation (purple heatmap) and testing (blue heatmap)
Random Forest Cross Validation

Random Forest Testing
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Figure 1c

Accuracy of models generated with various single and paired molecular representations using naive bayes (NBayes) during

cross-validation (purple heatmap) and testing (blue heatmap)
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Figure 1d

Accuracy of models generated with various single and paired molecular representations using k-nearest neighbour (kNN)

during cross-validation (purple heatmap) and testing (blue heatmap)
KNN Cross Validation KNN Testing
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Figure 1e
Accuracy of models generated with various single and paired molecular representations using gradient-boosting decision
tree (GBDT) during cross-validation (purple heatmap) and testing (blue heatmap)
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actives (true positives) in the test set, probably because some of these actives share certain
similarity to the “less actives” which were labelled as “inactive” in the training dataset. This
demonstrates that the design and composition of the input data is important.

(ii) Using DUD-E decoys as inactives

The DUD-E benchmark dataset is commonly used for the development of SBVS methods?2%2.

Briefly, in DUD-E, a diverse set of actives is built for a target protein. Each active molecule is paired
with a set of property matched decoys (PMD). PMDs are selected to be similar to each other and to
known actives with respect to certain physico-chemical descriptors (e.g., molecular weight,
hydrogen bond donors and acceptors) while being topologically dissimilar. It is believed that
topological dissimilarity supports the assumption that the decoys are likely to be inactives because
they are chemically different from the actives. The DUD-E database has 9,950 decoys for BRAF.
Although originally developed for molecular docking screens, DUD-E’s decoys are also used as
inactives in LBVS#3248C2, A recent study showed that the superior enrichment efficiency in
convolutional neural network models for SBVS was achieved in the DUD-E dataset because of
hidden bias in this dataset rather than a successful generalization of the pattern of protein-ligand

interactions*2%. Therefore, could this hidden bias also have an impact on LBVS?

As with our spike-in studies with “less actives”, we wanted to see how the introduction of some
decoys in training might affect model performance. Therefore, we selected at random 510 BRAF
decoys and carried out the same spike-in experiments as described for the “less actives”
experiment above. Unlike our models trained on datasets with “less actives” spiked-in, our models
trained on datasets with decoys spiked-in do not show much difference in accuracy from our
baseline models trained without any decoys. For example, for the RF+ECFP6 model trained on a
dataset where 14% of the inactives were replaced with 510 decoys, the average accuracy on the 10
test datasets dropped by a mere 0.09% when compared with the baseline model (Table 4A(#); this
is a stark contrast to the nearly 2% drop in accuracy when we used a dataset spiked-in with 510
“less actives” (Table 3(@). This is probably because decoys, unlike the “less actives”, are in fact
topologically dissimilar from the BRAF actives and so, the use of some decoys to represent
inactives does not severely compromise the performance of the model. However, the results for
models trained on only actives and decoys was surprising.

For ML models trained on 3600 actives plus 3600 decoys, their accuracy when tested on a balanced
test dataset of 1000 BRAF actives and decoys is near-perfect (above 99% for all ML models) (Table
4B 7 ; Supplemental Table 3). However, these models gave an average accuracy of around 94%
when we tested it against our 10 balanced test datasets of 1000 BRAF actives and inactives (Table
4A7; Supplemental Table 3). The drop in accuracy for models trained on 3600 BRAF actives plus
3600 decoys on our 10 test datasets is due to a fall in precision rather than recall. While recall for
these models are above 98%, their precision drops by about 5% when compared with their
corresponding baseline model. This means that models trained on only actives and decoys tend to
give more false positive predictions. Conversely, when we tested our original ML models trained
on our training dataset of 3600 BRAF actives plus 3600 BRAF inactives, we found that they gave an
accuracy ranging from 96.85 to 97.74% on our 10 test datasets of BRAF actives and inactives but
performed even better on the BRAF actives plus decoys test set, achieving near-perfect accuracy of
99% (Tables 4A @ & 4B ; Supplemental Table 3). This is expected when we consider the fact that
decoys are topologically dissimilar to BRAF actives, therefore, making it easy for our original ML
models to discern between the BRAF actives and decoys. In summary, training with decoys is not
recommended because it would result in a model that has a higher false positive rate. Testing with
a dataset containing decoys is also not advisable because it may give an over-optimistic
assessment of the predictive performance of the model.
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Table 4A

Average accuracy for the ‘spiked-in’ decoy-trained models based on
testing with 10 balanced BRAF actives and inactives hold-out test sets

Average Accuracy(%)

ML+Fingerprint Training sets
3600 actives / | 3600 actives/ | 3600 actives / | 3600 actives/ | 3600 actives /
3600 inactives | 3420 inactives | 3240 inactives | 3060 inactives | 3600 decoys
/180 decoys / 360 decoys /510 decoys
SVM+ECFP6 97.16 96.95 96.85 96.80 93.85
SVM+Daylight-like 97.17 97.34 97.33 97.29 94.59
RF+ECFP6 97.74 97.65 97.66 97.65 94.98
RF+Extended 96.85 96.49 96.69 96.79 94.09

Table 4B

Accuracy for the ‘spiked-in’ decoy-trained models based on
testing with a balanced BRAF actives and decoys hold-out test set

ML +Fingerprint

Accuracy(%)

Training sets

3600 actives / | 3600 actives / 3600 actives / 3600 actives / 3600 actives /
3600 inactives | 3420 inactives/ | 3240 inactives/ | 3060 inactives/ | 3600 decoys
180 decoys 360 decoys 510 decoys
SVM+ECFP6 99.00 98.80 98.80 98.80 99.30
SVM+Daylight-like | 99.20 98.80 98.80 98.80 99.10
RF+ECFP6 99.00 99.00 99.10 98.90 99.20
RF+Extended 98.90 98.50 98.80 98.70 99.10
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Discussion

“Garbage in, garbage out” or GIGO, is a concept familiar to all computer scientists denoting the
importance and value of data quality in predictive modelling. But despite this wide
acknowledgement, prevailing Al approaches tend to be model-centric, focusing more on the
sophistication of the AI/ML architecture than the input. Such approaches may not pay enough
heed towards resolving issues of data quality, data representativeness (not to be confused for data
representations which is investigated in this study), and perhaps even feature-compatibility with
the AI/ML models used. By adopting a model-centric Al approach, one hopes to tweak and improve
the AI algorithms to improve its predictive performance while also enhancing model
explainability or justifiability.

To pursue a data-centric Al approach, Dr Ng advocated developing a systematic approach to mine
and clean large volumes of data in order to produce accurately-labelled data which is of high

quality, consistent and error -free’ 8% Data-centric Al appear to be gaining traction in the Al

communlty?’...‘._ﬂlg...... 202515 1t is also important that we do not confuse data-centric Al for data-
driven Al: data-centric Al is an emerging science that studies techniques to improve the quality of
datasets (that will be used to train the AI/ML models), whereas, data-driven Al is simply a
paradigm that encourages the analysis of large datasets to improve Al performance. Many Al
researchers have written to give a general perspective on the principles and critical considerations
for the data construction process in data-centric AI Z.-= ” but to the best of our knowledge, there
has been little or no attempts to determine and evaluate the parameters that are necessary for
data construction in a data-centric Al approach for CADD. In fact, we can see that
cheminformaticians still favour a model-centric AI approach when we look at studies published
previously comparing the use of different ML or deep learning methods on different datasets

272,282,375 This emphasis on a model-centric Al approach for cheminformatics is also shared

by authors of recent reviews surveying the current research landscape of CADD 22 L5405

Whang et al. proposed that data acquisition, data labelling, data augmentation/improvement, data
Validation, data cleaning and data sanitization as key considerations in the practice of data-centric
............. However, we need to recognise that there are other considerations which are unique to

chemistry and cheminformatics. A chemical’s property and structure need to be encoded in a
meaningful manner so that a predictive Al can learn the salient features of a class of drugs for
QSAR and virtual screening and this has given rise to various types of data representations for a
molecule (that is, molecular descriptors and fingerprints). Thus, data representation is an
important consideration that is somewhat unique to data construction for QSAR and virtual
screening.

We believed that good data representation might be equally as important as high-quality data and
so, we wanted to see how best to represent a molecule to the machine In recent years, many
newly created molecular representations have been proposed 22528, . However, instead of
reinventing the wheel and creating another novel molecular representation, we tested to see if
currently available molecular fingerprints are up to the task for virtual drug screening. Our study
shows that certain molecular fingerprints are clearly superior and, in some cases, two molecular
fingerprints can be combined to produce a performance which surpasses the performance of the
individual molecular fingerprint, as seen when Extended and ECFP6 fingerprints were used with
SVM. However, broadly speaking, there is very little difference in performance across different
fingerprints. For example, looking at the RF models, most models trained using a single fingerprint
could achieve a level of accuracy close to 97% or higher. The most surprising result came from the
RF model using EState fingerprint which could achieve an accuracy of ~92% - it is surprising
because EState is only 79 bits but it was outperforming previously developed virtual drug
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screeners that used a more feature-rich molecular representation with deep learning methods
. This suggests that current molecular fingerprints are more than up to the task for CADD
if one can provide a high-quality dataset for training and testing.

Our study also demonstrates that one cannot pursue a data-centric Al approach to the exclusion of
a model-centric approach because there are clearly certain AI models that perform better on
certain Al task. Comparing between ML models, we see that although Estate fingerprint paired
with RF achieves ~92% accuracy, SVM with the same fingerprint achieves only 85% accuracy. This,
however, does not suggest that SVM is not a good ML model for virtual screening because when
given the “right” molecular representation (Extended and ECFP6 fingerprints), SVM can offer a
predictive performance that surpasses all other predictive models that we tested. Thus, having the
right model is just as important as having the right data and we cannot ignore the importance of a
model-centric approach --- both model and data-centric approaches should be seen as
complimentary than mutually exclusive. In future, in-depth studies to understand
complementariness between models and data should be performed.

Interest in deep learning methods for QSAR and virtual screening have been on the rise following
the success of Dahl et al.’s MT-DNN in the Merck Molecular Activity Challenge.z..@.’.3..§".. and
subsequently, Mayr et al.’s DeepTox deep neural networks in the Tox21 Challengeég..@‘y... Studies
have shown that deep learning methods consistently outperform conventional ML methods for
rational drug discoverylg‘)... For example, DeepTox (the overall winner of the Tox21 Challenge)

which used a deep neural network for toxicity prediction could achieve AUC-ROCs of between

ligand-based screening model for DeepTox was achieved for ligands of the aryl hydrocarbon
receptor (AhR) which gave an AUC-ROC of 0.928. However, we need to recognise certain
limitations of deep learning methods. In comparison to conventional ML algorithms, deep neural
networks require a much larger amount of data to ensure model generalizability and prevent
overfitting. This presents a problem for LBVS because many druggable protein targets have very
few known ligands. To illustrate this point, ChEMBL contains information for 6778 human protein
targets (as of April, 2023) but more than half (~3800) have 100 or less compounds/ligands
associated with each protein%.‘.‘.@.. For this reason, we chose to focus only on conventional ML
algorithms and we show here that conventional ML models can give superior performance for
virtual screening, without the need to resort to more data-hungry deep learning methods. This
limitation of deep neural networks also makes it clear that alternative paradigms such as data-
centricity, favouring quality over quantity, is more likely to be successful in novel drug discovery
using AI/ML.

Until recently, it has been difficult to give a reliable assessment of what constitutes best practice
for LBVS since there are no benchmark datasets that can produce ML models capable of giving
near-perfect predictive performance. In the absence of a high-quality benchmark dataset,
evaluating experiments such as the ones carried out here would be difficult because any observed
change in performance could be attributed to the behaviour of an imperfect model rather than a
reflection of the use of inappropriate data. We have now generated a high-quality benchmark
dataset and were able to show that current practices and use of data lead to serious shortcomings
in the state-of-the-art predictive models which, in turn, calls for a reassessment of these model’s
true performance. Our work indicates that there is little or no shortcomings with either current
predictive AI/ML algorithms or most molecular representations when used in LBVS because the
differences in their performance are minimal. Ultimately, the biggest impact on predictive
performance comes from data size, composition and poor data quality.

Through this work, we hope to use a single case study to demonstrate the power of data-centric
paradigm. As this approach becomes more widespread and better understood across use cases, a
foundation for data-centric Al approaches in cheminformatics could eventually be laid. With the
exponential growth in chemical databases like ChEMBL and PubChem, it becomes increasingly
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difficult to manually curate a high-quality dataset when we are dealing with large numbers of
compounds/ligands. It is therefore important for us to consider how data-centric Al approaches
can help. We propose that pursuing data-centricity require first understanding the nature of our
data across 4 pillars: data representation, data quality, data quantity, and data composition on a
model’s predictive performance (i.e., what attributes or properties of these 4 pillars contribute to
high-quality data for training and testing). If, for example, we do not know what type of data
diminishes data quality, then how can we be expected to build a data-centric Al approach for
cheminformatics? Our study demonstrates that manipulation of these pillars of data-centricity has
affectation on model performance. Pending future generalization studies on more use cases, our
work paves the way towards the establishment of a framework for a data-centric Al approach for
virtual screening and CADD.

Method

Machine Learning Models

We tested the performance of five machine learning methods representing different strategies.
These include, k-nearest neighbours (kNN), Naive Bayes (NBayes), gradient-boosted decision tree
(GBDT), random forest (RF) and support vector machine (SVM) (python ver. 9.1.2 / sklearn
ver.1.0.2), using the BRAF dataset described below.

For each of the 55 molecular representations that we tested, we used 5 training datasets on the
above machine learning methods. We did not perform any feature scaling or selection. Each
training set underwent 10-fold cross-validation to optimize the hyperparameters for the SVM, kNN
and NBayes models and to estimate the accuracy of the models. Grid search was used to determine
the optimal values of the hyperparameters. For the RF and GBDT models, the default parameters
were used with no additional tuning.

Accuracy, precision, and recall were used as performance metrics.

Dataset

Instead of using a readily available benchmark dataset (such as the BACE1 inhibitors dataset by
Subramanian et al.Z2=] ), we manually curated and built a dataset of BRAF actives and inactives to

in June/July 2022 (ChEMBL Release 30) 3. Actives were defined as validated BRAF ligands with
an IC50 of less than 10 uM, while inactives were carefully selected based on the fact that they have
no known pharmacological activity against BRAF. In total, we identified 4100 BRAF actives and
around 24,000 compounds that we deemed to be inactive against BRAF. From this initial set of
compounds, we randomly selected 3600 BRAF actives to be part of the training dataset with the
remaining 500 actives becoming a part of the hold-out test set. To avoid training bias from any
single curated dataset, we created 5 balanced training datasets, each containing the 3600 BRAF
actives with an equal number of inactives and where each training dataset contained a unique set
of inactives that was not shared, partially or wholly, with the other 4 training datasets. Unless
there were some hidden biases in one or more of the training datasets, we expected the
performances of the 5 trained models for each molecular representation to be similar. We also
created a single balanced test set with 1000 BRAF actives and inactives that would be used to give
a fair and objective comparison of the predictive models. (Please refer to Supplementary data
(Part 1) for these training and test datasets)

We chose four top predictive models employing a single molecular fingerprint that had been
trained with the third training dataset for the experiments investigating data size, data
composition and data quality. The models chosen were: [i] SVM+ECFPS6, [ii] SVM+Daylight-like, [iii]
RF+ECFP6, and [iv] RF+Extended. The performance of these four original ML models formed the
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baseline for our comparative analyses and represented the optimal performance achievable for
the respective model. Additionally, we generated new predictive models where [i] SVM+ECFPS, [ii]
SVM-+Daylight-like, [iii] RF+ECFP6, and [iv] RF+Extended were trained on smaller datasets to
compare their performance against the baseline performance. The original training dataset was a
balanced dataset of 7200 BRAF actives and inactives but the smaller training datasets composed of
the following numbers of BRAF actives to inactives: (i) 3000:3600; (ii) 2500:3600; (iii) 2000:3600, (iv)
1500: 3600; (v) 1000:3600; (vi) 500:3600; (vii) 3000:3000; (viii) 2500:2500; (xi) 2000:2000, (x)
1500:1500; (xi) 1000:1000; (xii) 500:500. The actives and inactives in these smaller datasets were
randomly selected to avoid any unintentional bias.

For this study, we generated 10 new balanced hold-out test datasets of 1000 BRAF actives and
inactives to give us an unbiased gauge of the accuracy that our models can achieve. We define a
compound as “inactive” if there are no known pharmacological assays for the said compound on
our target, BRAF.

We found 510 BRAF ligands that have an IC50 of more than 10 uM in the ChEMBL database which
we labelled as “less active” 342, These “less active” ligands were used for spike-in experiments
where we replaced either 180 (5%), 360 (10%) or 510 (14%) inactives in our original training

dataset with a similar number of “less active” ligands.

create a training dataset of 7200 BRAF actives and decoys. In addition, we also created a balanced
hold-out test set of 1000 BRAF actives and decoys. As with the “less actives” spike-in experiments,
we also created 3 separate training datasets that had either 180 (5%), 360 (10%) or 510 (14%)
decoys replacing a similar number of inactives in our original training dataset of 3600 actives and
3600 inactives.

Please refer to Supplementary data (Part 2) for training and test datasets used in these studies.

Fingerprint Generation

RDKit and the Chemistry Development Kit (CDK) were used to compute the fingerprints for the
molecules in this studyﬁg..@)..’.@lg.. The ten standalone molecular fingerprints, namely,

. Extended fingerprints (CDK)??..@._

. Topological Torsion fingerprints (topo_torsion) (RDKit)-".==.
682
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and 45 paired combinations of these were used in this study.
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Reviewer #1 (Public review):
Summary:

The work provides more evidence of the importance of data quality and representation for
ligand-based virtual screening approaches. The authors have applied different machine
learning (ML) algorithms and data representation using a new dataset of BRAF ligands. First,
the authors evaluate the ML algorithms, and demonstrate that independently of the ML
algorithm, predictive and robust models can be obtained in this BRAF dataset. Second, the
authors investigate how the molecular representations can modify the prediction of the ML
algorithm. They found that in this highly curated dataset the different molecule
representations are adequate for the ML algorithms since almost all of them obtain high
accuracy values, with Estate fingerprints obtaining the worst performing predictive models
and ECFP6 fingerprints producing the best classificatory models. Third, the authors evaluate
the performance of the models on subsets of different composition and size of the BRAF
dataset. They found that given a finite number of active compounds, increasing the number
of inactive compounds worsens the recall and accuracy. Finally, the authors analyze if the use
of "less active" molecules affect the model's predictive performance using "less active”
molecules taken from ChEMBI Database or using decoys from DUD-E. As results, they found
that the accuracy of the model falls as the number of "less active" examples in the training
dataset increases while the implementation of decoys in the training set generates results as
good as the original models or even better in some cases. However, the use of decoys in the
training set worsens the predictive power in the test sets that contain active and inactive
molecules.

Strengths:

This is a highly relevant topic in medicinal chemistry and drug discovery. The manuscript is
well-written, with a clear structure that facilitates easy reading, and it includes up-to-date
references. The hypotheses are clearly presented and appropriately explored. The study
provides valuable insights into the importance of deriving models from high-quality data,
demonstrating that, when this condition is met, complex computational methods are not
always necessary to achieve predictive models. Furthermore, the generated BRAF dataset
offers a valuable resource for medicinal chemists working in ligand-based virtual screening.

Weaknesses:

While the work highlights the importance of using high-quality datasets to achieve better and
more generalizable results, it does not present significant novelty, as the analysis of training
data has been extensively studied in chemoinformatics and medicinal chemistry.
Additionally, the inclusion of "AI" in the context of data-centric Al is somewhat unclear, given
that the dataset curation is conducted manually, selecting active compounds based on IC50
values from ChEMBL and inactive compounds according to the authors' criteria.
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Moreover, the conclusions are based on the analysis of only two high-quality datasets. To
generalize these findings, it would be beneficial to extend the analysis to additional high-
quality datasets (at least 10 datasets for a robust benchmarking exercise).

A key aspect that could be improved is the definition of an "inactive" compound, which
remains unclear. In the manuscript, it is stated:

* "The inactives were carefully selected based on the fact that they have no known
pharmacological activity against BRAF."

Does the lack of BRAF activity data necessarily imply that these compounds are inactive?

» "We define a compound as 'inactive' if there are no known pharmacological assays for the
said compound on our target, BRAF."

However, in the authors' response, they mention:

* "We selected certain compounds that we felt could not possibly be active against BRAF, such
as ligands for neurotransmitter receptors, as inactives."

Given that the definition of "inactive" is one of the most critical concepts in the study, I
believe it should be clearly and consistently explained.

Lastly, while statistical comparison is not always common in machine learning, it would
greatly enhance the value of this work, especially when comparing models with small
differences in accuracy.

https://doi.org/10.7554/eLife.97821.2.sa3

Reviewer #2 (Public review):
Summary:

The authors explored the importance of data quality and representation for ligand-based
virtual screening approaches. I believe the results could be of potential benefit to the drug
discovery community, especially to those scientists working in the field of machine learning
applied to drug research. The in silico design is comprehensive and adequate for the
proposed comparisons.

This manuscript by Chong A. et al describes that it is not necessary to resort to the use of
sophisticated deep learning algorithms for virtual screening, since based on their results
considering conventional ML may perform exceptionally well if feeded by the right data and
molecular representations.

The article is interesting and well-written. The overview of the field and the warning about
dataset composition are very well thought-out and should be of interest to a broad segment of
the Al in drug discovery readership. This article further highlights some of the considerations
that need to be taken into consideration for the implementation of data-centric Al for
computer-aided drug design methods.

Strengths:

This study contributes significantly to the field of machine learning and data curation in drug
discovery. The paper is, in general, well-written and structured. However, in my opinion,
there are some suggestions regarding certain aspects of the data analyses.

Weaknesses:

The conclusions drawn in the study are based on the analysis of a two dataset. The authors
chose BRAF as an example in this study, and expanded with BACE-1 dataset; however a
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benchmark with several targets would be suitable to evaluate reproducibility or
transferability of the method. One concern could be the applicability of the method in other
targets.

https://doi.org/10.7554/eLife.97821.2.sa2

Reviewer #3 (Public review):
Summary:

The authors presented a data-centric ML approach for virtual ligand screening. They used
BRAF as an example to demonstrate the predictive power of their approach.

Strengths:

The performance of predictive models in this study is superior (nearly perfect) with respect
to exiting methods.

Comments on revisions:

In the revised manuscript, the presented approach has been robustly tested and can be very
useful for ligand prediction.

https://doi.org/10.7554/eLife.97821.2.sa1

Author response:
The following is the authors’ response to the original reviews.

We thank the Editors and reviewers for their candid evaluation of our work. While it was
suggested that we should demonstrate the validity of our approach with maybe 10 different
datasets but we felt that this would place an undue burden on our resources. Generally, it
takes about 4 to 6 months for us to build a dataset and this does not include the time taken to
train and test our AI models. This would mean that it would take us another 3 to 5 years to
complete this research project if we chose to provide 10 different datasets. Publishing a
research on one dataset is definitely not unheard of: for example, Subramanian et al. (2016)
published their widely-cited benchmark dataset for just BACE1 inhibitors. However, we
hoped that the additional work where we showed that we were able to improve the
benchmark dataset for BACE1 inhibitors and achieve the same high level of predictive
performance for this dataset would convince the readers (and reviewers) of the
reproducibility of our approach. Furthermore, we also showed that our approach is robust
and does not rely on a large volume of data to achieve this near-perfect accuracy. As can be
seen in the Supplemental section, even our AI models trained on ONLY 250 BRAF actives and
250 inactives could achieve 96.3% accuracy! Logically, if the model is robust then we would
expect the model to be reproducible. As such, we do not feel it is necessary for us to test our
approach on 10 different datasets.

It was also suggested that we expand this study to other types of molecular representations to
give a better idea of generalizability. We would like to point out that we tested, in total, 55
single fingerprints and paired combinations. Our goal was to create an approach that could
give superior performance for virtual screening and we believe that we have achieved this.
Based on the results of our study, we are of the opinion that molecular representations do
not, in general, have an oversized effect on Al virtual screening. Although it is important to
be aware that certain molecular representations may give SLIGHTLY better performance but
we can see that with the exception of the 79-bit E-State fingerprint (which could still achieve
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an impressive 85% accuracy for the SVM model), nearly all molecular fingerprints and paired
combinations that we used were able to achieve an accuracy of above 97%. Therefore, we do
not share the reviewers' concern that our approach may not be useful when applied with
other types of molecular representations.

It is true that our work involved manual curation of the datasets but the goal of this paper is
to lay down some ground rules for the future development of a data-centric Al approach.
Although manual curation is a routine practice in AI/ML, but it should be recognised that
there is good manual curation and bad manual curation, and rules need to be established to
ensure we have good manual curation. Without these rules, we would also not be able to
establish and train a data-centric Al. All manual curation involves a level of subjectiveness
but that subjectiveness comes from one's experience and domain knowledge of the field in
which the Al is being applied. For example, in the case of this study, we relied on our
knowledge and understanding of pharmacology to determine whether a compound is
pharmacologically inactive or active. This may seem somewhat arbitrary to the uninitiated
but it is anything but arbitrary. It is through careful thought and assessment of the chemical
compounds that we choose these compounds for training the Al Unfortunately, this sort of
subjective assessment cannot be easily or completely explained but we do show where
current practices have failed when building a dataset for training an Al for virtual screening.

https://doi.org/10.7554/eLife.97821.2.sa0
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