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Abstract: Prediction of protein-ligand binding affinities is crucial for computational drug discovery.
A number of deep learning approaches have been developed in recent years to improve the accuracy
of such affinity prediction. While the predicting power of these models have advanced to some de-
grees depending on the dataset used for training and testing, the effects of the quality and quantity
of the underlying data have not been thoroughly examined. In this study, we employed erroneous
datasets and data subsets of different sizes, created from one of the largest databases of experimental
binding affinities, to train and evaluate a deep learning system based on convolutional neural net-
works. Our results show that data quality and quantity do have significant impacts on the perfor-
mance of trained models. Depending the variations in data quality and quantity, the performance
differences could be comparable to or even larger than those observed among different deep learn-
ing approaches. This implies that continued accumulation of high-quality affinity data is important
for improving deep learning models to better predict protein-ligand binding affinities.
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1. Introduction

Computational approaches using artificial intelligence techniques, especially ma-
chine learning (ML), have been increasingly utilized during various stages of pharmaceu-
tical drug discovery and development in recent years [1-3]. Unlike the physics-centric
“expert systems” traditionally used in computational drug discovery [4], ML-based meth-
ods are data-centric [5] and focus on learning from experience [6].

Numerous ML approaches, including deep learning (DL) ones, have recently been
developed to predict protein-ligand interactions [7], as the affinity of such interaction is
critical because it usually correlates with the activity of a drug (ligand) on its therapeutic
target (protein). Additionally, several DL methods have shown great promises in accurate
prediction of protein-ligand binding affinities [8-13].

However, most efforts in developing DL methods for affinity prediction have been
focused on changes in the DL approach itself to improve performance, which may depend
on the dataset used for model training and testing, while the effects of data quality and
quantity have not been well characterized. In addition, it is generally believed that ML
requires abundant, high-quality data and that data processing and cleaning constitutes at
least 80% of ML practice while the application of algorithm only accounts for 20% [2].

In light of the pivotal role of data, we set out to investigate the extent to which data
quality and quantity would influence the performance of ML approaches for protein-lig-
and affinity prediction. In this work, we employed a relatively user-friendly DL tool for
protein-ligand interaction prediction, DeepPurpose [14], and one of the most comprehen-
sive databases for protein-ligand binding affinities, BindingDB [15]. To provide insights
into the possible effect of data quality, we introduce intentional errors of different degrees
to the affinity label. To illustrate the potential effect of data quantity, we perform random
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selection of data subsets of varying sizes. Performance comparison of models trained on
these manipulated datasets indicates that data quality and quantity do have a significant
impact, and research efforts should be directed towards the continued collection and cu-
ration of high-quality affinity data.

2. Results
2.1. The datasets

Following data curation as detailed in Materials and Methods, we have obtained a
dataset, herein referred to as the KDKI set, that consists of 365,021 unique entries.
Among them are 199,138 unique ligand SMILES strings and 3,835 unique protein
sequences. Most of these 365,021 entries have the length of ligand SMILES strings
between 30 and 70 characters, and the length of protein amino-acid sequence between
300 and 500 residues (Figure 1a and b). Their binding affinities also show a reasonable
distribution (Figure 1c), with most pK values between 5 and 9, i.e. Ku or Ki values
between 1 nM and 10 uM. There are 33,728 protein-ligand pairs that each had multiple
pK values prior to their inclusion in the KDKI dataset, and only the average of these
multiple pK values were included in the KDKI dataset for each protein-ligand pair,
ensuring each entry has a unique protein-ligand pair. Analysis of the range of multiple
pK values illustrated that they are within a difference of 1, i.e. Ka or Ki values within one
order of magnitude, for most of the 33,728 protein-ligand pairs (Figure 1d). This implies
that data in the KDKI set are of good quality.
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Figure 1. Histograms showing characteristics of the KDKI set: length distributions for (a) ligand
SMILES strings and (b) protein sequence, as well as distributions of (c) pK values and (d) range of
affinities for protein-ligand pairs with multiple pK values prior to inclusion in the KDKI set.
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The KDKI set of 365,021 entries was subsequently divided into an “external” test
set of 45,021 entries and a Baseline set of 320,000 entries, with no overlaps between these
two sets. We then manipulated the Baseline set to introduce intentional errors to the pK
value, mimicking possible experimental errors/variations and/or data curation errors as
indicated by the range of multiple pK values (Figure 1d). In addition, subsets of different
sizes were created from the Baseline set in order to probe the effect of data quantity, and
the external test set was also divided into four subsets to examine the effect of the
presence (or absence) of certain data contents (Table S1).

2.2. Effect of data quality on model performance

We implemented a DL model within DeepPurpose [14] that uses two convolutional
neural network (CNN) blocks to learn representations for proteins and ligands based on
their amino-acid sequences and SMILES strings, respectively, similar to DeepDTA [8].
Models trained on the Baseline set and datasets with incorrect pK values were tested on
the external test set of 45,021 entries (Table 2). As expected, both the Pearson correlation
coefficient (PCC) and the concordance index declined with increasing levels of errors in
pK values, whereas discrepancies between predicted values and experimental values, as
measured by root mean square error (RMSE) and mean square error (MSE), increased.
More dramatic changes in performance were observed when each model was tested on
its internal test set, likely due to the introduction of random errors to the internal test set
in addition to its training and validation sets (Table S2).

Table 1. Performance comparison of models trained on datasets with different degrees of errors and
tested on the external test set.

Training set RMSE! MSE? PCC! Concordance!
Baseline set  0.868 (0.008)  0.753 (0.014)  0.804 (0.004)  0.802 (0.002)
pK+[-1,1] 0.925 (0.005)  0.855(0.009)  0.774 (0.002)  0.785 (0.001)
pK+[-2,2] 1.012 (0.008)  1.024 (0.016)  0.721 (0.006)  0.756 (0.003)
pK+[-3,3] 1.076 (0.006)  1.158 (0.014)  0.678 (0.004)  0.736 (0.002)
pK+1/-1 0.989 (0.009)  0.978 (0.018)  0.737(0.003)  0.765 (0.001)
pK +2/-2 1.110 (0.007) ~ 1.232(0.017)  0.652(0.005)  0.723 (0.002)
pK +3/-3 1.163 (0.003)  1.352(0.008)  0.606 (0.004)  0.702 (0.002)

1 Reported values are mean (standard deviation) of triplicate runs.

2.3. Effect of data quantity on model performance

The performance of models trained on a series of subsets of the Baseline set exhibited
a clear dependence on the size of the training set when tested on the external test set (Fig-
ure 2). The RMSE showed a significant decrease from over 1.4 to below 0.9, while the PCC
rose from about 0.3 to about 0.8 with the size of the dataset increasing from 1,250 to 320,000
(Table S3). Similar changes in performance metrics were observed when each model was
tested on its internal test set, indicating similar data qualities among these subsets of dif-
ferent sizes and the external test set (Table S4).
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Figure 2. Performance of models trained on data subsets of different sizes and tested on the external
test set, showing (a) root mean square error (RMSE) and (b) Pearson correlation coefficient (PCC)
for different models. Data points represent mean values of triplicates and error bars indicate stand-
ard deviations, some of which are too small to show.

To further probe the effect of the presence (or absence) of ligand and/or the protein
in the Baseline set, the model trained on the Baseline set was tested on corresponding
subsets of the external test set. The results demonstrated that the presence of target (pro-
tein) in the training data has a substantial effect on the performance of the DL model, with
>0.42 fall in RMSE and >0.24 rise in PCC, whereas the presence of drug (ligand) in the
training data showed much less effect in improving the prediction performance (Table 2).

Table 2. Performance comparison of models trained on the baseline set and tested on different sub-
sets of the external test set.

Testing set RMSE! MSE! PCCt Concordance!
External test set 0.868 (0.008) 0.753 (0.014) 0.804 (0.004) 0.802 (0.002)
Ligand seen, proteinseen  0.831 (0.008) 0.691 (0.014) 0.807 (0.004) 0.804 (0.002)
Ligand unseen, protein seen 0.927 (0.008) 0.859 (0.015) 0.798 (0.005) 0.797 (0.002)

Ligand seen, protein unseen

1.413 (0.172)

Ligand unseen, protein unseen 1.348 (0.122)

2.015 (0.501)
1.827 (0.334)

0.501 (0.197)
0.553 (0.214)

0.699 (0.055)
0.701 (0.078)

! Reported values are mean (standard deviation) of triplicate runs.

3. Discussion

Significant developments of DL models for protein-ligand affinity predictions have
been achieved in recent years, with many of them outperforming physics-based molecular
docking methods on certain datasets [10,16]. However, performance improvements
among state-of-the-art DL approaches appeared to be small, with PCC approaching 1
(complete linearity) and RMSE values declining below 1, indicating most predicted Ka or
Ki values are within one order of magnitude of experimental values [8,9,11-13]. Our de-
fault DL model that uses two CNN blocks without consideration of protein-ligand 3D
structures also showed good performance with our Baseline set, as the >0.8 PCC and < 0.9
RMSE values are comparable to the aforementioned state-of-the-art DL approaches. For
example, DeepAffinity utilized a dataset of similar size to our Baseline set and achieved
RMSE values between 0.73 to 0.94 and PCC between 0.76 and 0.86, depending on model
setup [9], whereas we have corresponding RMSE of 0.870 and PCC of 0.803 (Table S2).

As the marginal performance improvements from novel DL approaches may not be
very consequential for protein-ligand affinity prediction, we could benefit from analyzing
the effects of data quality and quantity. Our results showed that even deviating from ex-
perimental pK values by up to one order of magnitude, a level of variations thought to be
experimentally acceptable, could raise RMSE by 0.06 and reduce PCC by 0.03 (Table 1).
These are already significant performance changes in comparison to differences among
various state-of-the-art DL approaches. One of the most recently developed DL method,
DeepDTAF, only improved the RMSE by 0.06 and the PCC by 0.01 over a previously-
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developed DL model, Pafnucy, on a test set of only 290 protein-ligand pairs with known
3D structures [13,17]. Another state-of-the-art DL approach, MONN, only improved the
RMSE by 0.03 and the PCC by 0.01 over DeepDTA, using a large dataset of over 260,000
training samples and over 110,000 test samples derived BindingDB database with ICso val-
ues [11]. Therefore, it is possible that data quality could have a larger impact on the pre-
dicting power of the DL system on protein-ligand affinities than the DL system itself.

Data quantity also appears to have a pronounced effect on the prediction perfor-
mance, as doubling the amount of data led to > 0.05 improvements for both RMSE and
PCC in most cases (Table S3). The presence of ligand and/or protein structures in data
used for model training showed an even larger effect, with the latter improving PCC by
0.24~0.31 (Table 2). Such a dramatic effect is consistent with previous studies showing that
the absence of proteins and/or ligands in the training set could result in drastic reduction
in DL model performance in predicting affinities, regardless of whether experimental 3D
structures were used as training input [9,11]. This highlights the importance of collecting
experimental data on new targets (proteins) without known binding affinities. Another
study demonstrated that some DL models still provide good performance with up to 95%
data missing from their original dataset, but only when they are predicting interactions
(yes or no) rather than affinities (pK values) [18].

In summary, we have demonstrated the crucial roles that data can play in improving
DL models for protein-ligand affinity prediction. Although the effects of data quality and
quantity determined in this study are to some extent expected, our results do suggest that
further collection and curation of quality data are as critical as improving the DL approach
itself, if not more so, for more accurate prediction of protein-ligand binding affinities.

4. Materials and Methods

4.1. Data curation and manipulation

The raw BindingDB dataset was retrieved from https://www.bindingdb.org/ by
downloading the file BindingDB_All_2021m11.tsv.zip. This expanded file contains over 2
million entries with affinity measurements in equilibrium dissociation constant (Kad), inhi-
bition constant (Ki), which is essentially the dissociation constant for an inhibitor, half
maximal inhibitory concentration (ICs0), and half maximal effective concentration (ECso).
Since ICso and ECso values are dependent on the concentration of proteins, we only se-
lected entries with Ka and Ki values. We removed entries without SMILES strings and
entries without the number of protein chains being 1. We also removed samples with in-
complete information to determine protein sequences (such as those containing the letter
“X", lower-case letters, or Arabic numerals). Imprecise affinity values with < or > prefixes
as well as extreme values outside of range of (0.01 nM, 10 mM) were also deleted. As a
result, we found 95% of remaining entries have 5 to 150 SMILES characters and 50 to 1500
amino acids in the protein sequence, and thereby removed entries outside of such length
ranges. We next converted each affinity value K to log space pK so that the new label
equals -logio(Ka or Ki) for easier regression. Moreover, for each protein-ligand pair with
multiple affinity measurements, we used the geometric mean of all its affinity values, i.e.
the arithmetic mean of its pK values, as its only affinity label after merging. Finally, we
ended up with a dataset, namely the KDKI set, of 365,021 records stored in a csv file, and
each entry comprises a ligand SMILES string, a protein amino-acid sequence, and an af-
finity label pK calculated from -logio(Ka or Ki).

We randomly selected 45,021 entries from the KDKI set as an independent “external”
test set. To ensure reproducibility, we performed the selection in triplicates, producing
three distinct testing sets, each with 45,021 entries, and three different remaining sets, each
with 320,000 entries. The remaining set of 320,000 entries was referred to as the Baseline
set.

The external test set of 45,021 records was divided into four subsets: 1) with ligand
found (seen) and protein found (seen) in the Baseline set; 2) with ligand not found (un-
seen) and protein found (seen) in the Baseline set; 3) with ligand found (seen) and protein
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not found (unseen) in the Baseline set; 4) with ligand not found (unseen) and protein not
found (unseen) in the Baseline set. The Baseline set of 320,000 entries was subject to the
following manipulations. To test the effect of data quality, we deliberately introduced er-
rors to the affinity values in two different ways. On one hand, we added a random float
number from the uniform distribution in the ranges of [-1,1], [-2,2], and [-3,3], respectively,
to the pK value of each entry, resulting in three datasets named pK + [-1,1], pK + [-2,2],
and pK + [-3,3], respectively. On the other hand, we added a random number of either 1
or -1, either 2 or -2, and either 3 or -3, to the pK value of each entry, leading to another
three datasets known as pK +3/-3, pK +3/-3, pK +3/-3, respectively. Furthermore, we ran-
domly selected subsets with 1,250, 2,500, 5,000, 10,000, 20,000, 40,000, 80,000, and 160,000
entries, respectively, resulting in 8 subsets with different amounts of missing data (Table
S1).
4.2. Model training and testing

Training of models with different datasets were performed using two CNN blocks to
encode ligand SMILES strings and protein amino-acid sequences, respectively. Default
values were kept for other parameters as provided by DeepPurpose, as this setting has
been shown to reproduce similar results from DeepDTA [14]. A random splitting of data
was carried out prior to training with a ratio of 7:1:2 for training, validation, and testing
sets, respectively. The same numbers of the filters were used for both target and drug
CNN blocks, i.e. 32, 64, and 96 for the first, second, and third layers, respectively. The
corresponding lengths of the filter size for drugs and targets were [4, 6, 8] and [4, 8, 12],
respectively. Dimensions of the hidden neurons were set to [1024, 1024, 512]. The training
was conducted with 100 epochs and mini-batch size of 256 to update the weights of the
network. The default learning rate was set to 0.001. To accelerate the training calculation,
a Tesla P100-PCIE-16GB GPU on CQUniversity Marie Curie HPC Cluster was utilized.

Internal testing of the trained model was automatically performed with the afore-
mentioned randomly split testing set by DeepPurpose [14]. We also tested all trained mod-
els on our “external” test set. Four evaluation metrics were used for testing, namely root
mean squared error (MSE), mean squared error (MSE), Pearson correlation coefficient
(PCC) [19], and concordance index [20], to measure the differences and correlations be-
tween predicted pK values and experimental pK values stored in the test set.

Supplementary Materials: The following supporting information can be downloaded at:
www.mdpi.com/xxx/s1, List S1: The KDKI set in a csv file; Table S1: Description of all datasets used
in this study. Table S2: Performance comparison of models trained on datasets with different de-
grees of errors and tested on individual internal test sets; Table S3: Performance comparison of mod-
els trained on data subsets of different sizes and tested on the external test set; Table S4: Performance
comparison of models trained on data subsets of different sizes and tested on individual internal
test sets.
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