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ABSTRACT: The prediction of protein−ligand binding affinity has
recently been improved remarkably by machine-learning-based scoring
functions. For example, using a set of simple descriptors representing the
atomic distance counts, the RF-Score improves the Pearson correlation
coefficient to about 0.8 on the core set of the PDBbind 2007 database,
which is significantly higher than the performance of any conventional
scoring function on the same benchmark. A few studies have been made to
discuss the performance of machine-learning-based methods, but the
reason for this improvement remains unclear. In this study, by systemically controlling the structural and sequence similarity
between the training and test proteins of the PDBbind benchmark, we demonstrate that protein structural and sequence
similarity makes a significant impact on machine-learning-based methods. After removal of training proteins that are highly
similar to the test proteins identified by structure alignment and sequence alignment, machine-learning-based methods trained on
the new training sets do not outperform the conventional scoring functions any more. On the contrary, the performance of
conventional functions like X-Score is relatively stable no matter what training data are used to fit the weights of its energy terms.

■ INTRODUCTION

Scoring is a key component in molecular docking for estimating
the binding affinity between a target protein and a small-
molecule ligand.1−3 Utilizing the structures of protein−ligand
complexes, the goal of a scoring function is to computationally
measure the binding free energy by producing scores that are
supposed to be linearly correlated with the experimentally
determined binding affinities. This ability is known as the
scoring power of a scoring function.4 Scoring functions find
their applications in many fields, such as binding pocket
prediction,5 drug lead optimization,6 target druggability assess-
ment,7 and virtual screening.8

Conventional scoring functions can be separated into three
groups: physics-based,9 knowledge-based,1,10,11 and empirical.12

The empirical scoring functions first derive multiple energy
terms (e.g., van der Waals interactions) and then fit them to the
experimental binding affinity data through a predetermined
additive functional form.13 Hence, the prediction results can be
directly interpreted by decomposing the energy terms and
associated with the biochemical characteristics of the binding
patterns. A comprehensive discussion and classification of
current scoring functions is provided in the review by Liu and
Wang.14

Despite intensive research in the past two decades, the
progress made by conventional scoring functions is slow, with a
maximal Pearson correlation coefficient of around 0.6.4,15

However, remarkable improvement in this area has been
reported recently (the correlation was increased to about

0.816−20) with a set of custom-designed descriptors and
machine learning algorithms. We classify them as machine-
learning-based methods, as they were extensively trained with
advanced machine learning algorithms such as random forests16

and support vector machines.19

With the strikingly superior scoring power that significantly
outperforms conventional scoring functions, the performance
of machine-learning-based methods has been investigated and
discussed,21−23 with the best-performing function, RF-Score,
selected as a representative method. Kramer and Gedeck21

demonstrated that the prediction quality of RF-Score was
significantly degraded when the model was trained and
validated using leave-cluster-out cross-validation within the
family-specific context. However, Ballester, the author of RF-
Score, commented that the above conclusion might be
inappropriate because no comparison with other scoring
functions was performed.22 Besides the scoring power, Gabel
et al.23 assessed the virtual screening power and docking power
of machine-learning-based methods and found that these
methods were much worse than conventional scoring functions.
They concluded that the higher accuracy on the binding affinity
prediction achieved by machine-learning-based methods was
suspicious.23 From these studies, we can see that the reason for
the improvement of the scoring power made by machine-
learning-based methods remains unclear.
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In this work, we performed a closer investigation of the
scoring power of machine-learning-based methods, using RF-
Score as a representative because of its outstanding perform-
ance and availability of open source codes. The conventional
empirical scoring function X-Score was used as a control. By
filtering the training data according to different levels of
structural and sequence similarity to the test data, we
demonstrate that the scoring power of the machine-learning-
based methods is in fact affected by highly similar samples in
the training set. On the contrary, the conventional empirical
scoring functions do not have such an issue.

■ METHODS

Data Sets. The PDBbind database,24 a standard benchmark
widely used in this field,25,26 was adopted to train and test the
selected scoring functions. Though updated versions of
PDBbind are available, we used the 2007 version to allow
direct comparison with scoring functions that have been
previously tested on the same data set. In the “refined” set of
PDBbind, there are 1300 protein−ligand complexes with high-
resolution X-ray crystal structures and experimentally deter-
mined binding affinity data. This set was clustered at 90%
sequence similarity, resulting in a total of 65 clusters. For each
cluster, the three complexes with the highest, median, and
lowest binding affinity were selected to form a new set
containing 195 diverse complexes named the “core” set, which
was used as the test set by most studies. To avoid overlap with
the test set, the complexes appearing in the test set were
removed from the refined set to construct the training set.4,16

As a result, we obtained 1105 (=1300 − 195) complexes in the
training set. However, such construction of the training set may
not be stringent enough, especially for training machine-
learning-based methods, which will be discussed subsequently.
The refined and core sets were downloaded from the official
PDBbind Web site.27 The original rather than optimized
structures from PDBbind were used here.
In this work, the test set (TS) was kept unchanged to make

direct comparisons with the results from different settings. The
training set was further filtered according to its similarity to the
test set. To systematically determine the similarity between
training and test sets, we performed all-against-all comparisons
between training and test samples. A series of new training sets
(NTs) were constructed by gradually removing samples from
the original training set (OT) according to specified similarity
cutoffs:

= | ∈ ∀ ∈ ≤c p p q s p q cNT( ) { OT and TS, ( , ) }i i j i j (1)

where pi and qj represent the ith and jth samples from the OT
and TS, respectively; s(pi, qj) is the similarity between pi and qj,
which will be defined later; and c is the similarity cutoff. We can
see that each NT is a subset of OT but that the similarity
between the samples in an NT and the TS is less than or equal
to the specified cutoff. The pairwise similarities between
samples in the training and test sets are available at http://
yanglab.nankai.edu.cn/download/SF.
Structural Similarity. The structural similarity between

two protein structures is defined as the TM-Score,28 which is
calculated by the structure alignment program TM-align.29 TM-
score is a length-independent scoring function for measuring
protein structure similarity:28
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where di is the distance between the ith pair of Cα atoms of the
two structures, Lali is the number of aligned residue pairs
identified by TM-align,30 L is the length of the test protein, and
d0 is given by = − −d L1.24 15 1.80

3 . TM-score is in the
range of 0 to 1, and a higher value of TM-score indicates more
similar structures. Because most of the proteins in the PDBbind
benchmark contain multiple chains, every chain structure for
each protein is extracted and compared. The TM-score for two
proteins is defined as the lowest pairwise-chains TM-score. We
also tested the definition using the highest value, but the
conclusion did not change (see Table S1 in the Supporting
Information).

Sequence Identity. Needleman−Wunsch dynamic pro-
gramming,31 as implemented in the software NW-align,32 was
used to compute the sequence identity between two proteins.
The sequence identity is defined as the number of aligned
identical residues divided by the length of the test protein.
Similar to the calculation of structural similarity, the
comparison is made in an all-chains-against-all-chains way.
The sequence identity for the two proteins is then defined as
the lowest pairwise-chains sequence identity. We tested the
definition using the highest value as well, but the conclusion did
not change (see Table S2).

RF-Score. A total of 36 descriptors representing the atomic
distance counts from the original RF-Score16 was used for
retraining and retesting. It should be noted that six more
descriptors from Autodock Vina33 are also included in the
updated version of RF-Score.34 We performed similar experi-
ments with the updated version, but the conclusion did not
change (data not shown), and thus, we decided to use the 36
descriptors from the original version of RF-Score. The random
forest algorithm was used in RF-Score to train models and
make predictions. As an ensemble method, random forest fits a
number of decision trees and improves the predictive accuracy
using the average of each tree output. The configuration for
training was the same as for the original RF-Score.16 The
number of trees in the forest was set to 500, the number of
features to consider when looking for the best split was set to 5,
and the out-of-bag strategy was enabled. The random forest
model was implemented using the scikit-learn package.35

X-Score. Conventional empirical scoring functions are
composed of various energy terms and predict the binding
affinity through a linear combination of these terms. As a
representative of empirical scoring functions, X-Score contains
four energy terms: (1) van der Waals interactions, (2)
hydrogen bonding, (3) deformation effects, and (4) hydro-
phobic effects. In X-Score, the last term can be calculated with
three different algorithms: hydrophobic surface (HS), hydro-
phobic contact (HP), and hydrophobic match (HM).
Correspondingly, three scores are obtained by combining the
four terms: X-Score::HS, X-Score::HP, and X-Score::HM. It
was reported that the best-performing one is X-Score::HM.4

Thus, X-Score::HM was used to represent X-Score in this
study. The calculation of the individual energy terms was done
with the X-Score package (version 1.3), downloaded from its
official Web site.36 Default options were used in running the X-
Score program. To make a fair comparison with RF-Score, we
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ignored the fixed weights of the energy terms in the X-Score

package and refitted them with exactly the same new training

sets used in the retraining of RF-Score. The linear regression

model was implemented using the scikit-learn package.35

Metrics for Performance Evaluation. The scoring power
of a scoring function is usually evaluated by the Pearson

correlation coefficient (Rp), the Spearman correlation coef-

ficient (Rs), and the root-mean-square error (RMSE) between

the predicted and experimental binding affinities. The first two

metrics have been extensively used in the literature4,11,15,18,21 to

assess various scoring functions. Thus, the analyses made here

are mainly based on the correlation coefficients Rp and Rs.

■ RESULTS AND DISCUSSION

The Scoring Power of RF-Score Exceeds That of X-
Score When Sample Similarity Is Not Considered. When
we set the similarity cutoff to 1.0, the training set is exactly the
same as that used by previous studies.4,16 The correlations
between the experimental binding affinity and those predicted
by RF-Score and X-Score are shown in Figure 1. They are quite
similar to those reported in their publications,4,16 confirming
the correctness of our retraining of the two scoring functions.
The binding affinity predicted by RF-Score is apparently better
than that predicted by X-Score. Ballester et al.17 provided
possible factors that might contribute to this improved result.
However, it remains disputable why the machine-learning-

Figure 1. Correlation between the predicted and experimental binding affinities on the 195 test complexes using (A) RF-Score and (B) X-Score.

Table 1. Performance of RF-Score and X-Score Retrained at Different Similarity Levels; The Training Sets Were Constructed
Using Equation 1, with TM-score as the Similarity Measure

RF-Score X-Score

cutoff no. in training set TC Rp Rs RMSE Rp Rs RMSE

1.000 1105 0.620 0.783 0.769 1.542 0.643 0.707 1.867
0.999 964 0.608 0.731 0.729 1.669 0.644 0.705 1.862
0.998 867 0.606 0.705 0.711 1.719 0.645 0.706 1.859
0.997 810 0.608 0.689 0.698 1.763 0.646 0.706 1.863
0.996 793 0.607 0.684 0.694 1.774 0.645 0.706 1.864
0.995 779 0.605 0.682 0.693 1.776 0.646 0.706 1.864
0.990 710 0.601 0.660 0.660 1.818 0.646 0.707 1.858
0.985 685 0.598 0.660 0.664 1.819 0.646 0.708 1.857
0.980 645 0.597 0.647 0.648 1.836 0.647 0.710 1.850
0.975 605 0.598 0.641 0.646 1.853 0.646 0.709 1.854
0.970 582 0.599 0.635 0.640 1.863 0.646 0.709 1.855
0.965 567 0.600 0.628 0.635 1.872 0.645 0.708 1.859
0.960 563 0.600 0.629 0.633 1.873 0.645 0.708 1.860
0.955 548 0.599 0.619 0.619 1.887 0.644 0.707 1.860
0.950 540 0.597 0.615 0.613 1.893 0.645 0.709 1.856
0.900 510 0.588 0.618 0.615 1.895 0.643 0.708 1.861
0.850 476 0.587 0.618 0.618 1.900 0.644 0.707 1.848
0.800 462 0.587 0.615 0.618 1.906 0.644 0.708 1.845
0.750 443 0.590 0.618 0.629 1.903 0.644 0.708 1.843
0.700 416 0.594 0.630 0.637 1.880 0.644 0.709 1.841
0.650 400 0.596 0.615 0.628 1.899 0.644 0.709 1.841
0.600 371 0.591 0.600 0.617 1.923 0.641 0.707 1.843
0.550 330 0.598 0.602 0.616 1.928 0.644 0.709 1.848
0.500 294 0.594 0.582 0.597 1.960 0.646 0.710 1.842
0.450 222 0.600 0.571 0.599 1.975 0.640 0.704 1.870
0.400 116 0.572 0.556 0.584 1.991 0.624 0.666 1.870
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based methods outperform empirical scoring functions in terms
of scoring power.21−23

The Scoring Power of RF-Score Is Significantly
Affected by Highly Similar Training Samples. As
mentioned earlier, the similarity between the training and test
proteins was limited under a given cutoff by removing samples
from the original training set. Training on the new training data
and validating on the original test data should be able to reflect
the impact of protein similarity. As shown in Table 1, when the
structural similarity (TM-score) between the training and test
data decreases from 1 to 0.98, the scoring power of RF-Score is
significantly worse (Rp = 0.647, Rs = 0.648, and RMSE = 1.836)
than that for training with the whole training set (Rp = 0.783, Rs

= 0.769, and RMSE = 1.542). It is interesting to see that at the
TM-score cutoff of 0.98, RF-Score is comparable with X-Score
(Rp = 0.647 for both functions). This indicates that the
outstanding performance of RF-Score over X-Score reported in
the literature can be ascribed to those highly similar training
samples (TM-score > 0.98). At more stringent TM-score
cutoffs, the performance of RF-Score keeps decreasing, though
small fluctuations exist. For example, at the TM-score cutoff of
0.5 (at which two structures are in the same topology37), its
scoring power becomes Rp = 0.582, Rs = 0.597, and RMSE =
1.96. If the TM-score cutoff is further reduced to 0.4, the Rp

and Rs of both RF-Score and X-Score decrease. A possible
reason for this drop is the small size of the training set (116),
which may not be enough to be used for training. To avoid this
effect, we focused mainly on the data when the TM-score cutoff

was set to 0.5, which is also recommended for constructing new
benchmarks in the future.
A similar situation happens when the training data are filtered

on the basis of sequence identity (Table 2). Interestingly, a very
dramatic decrease (e.g., Rp decreasing from 0.783 to 0.681) was
observed when the cutoff was reduced from 1 to 0.999. This
suggests that the RF-Score’s performance depends heavily on
those training samples that are almost identical to the test
samples. When the sequence identity goes down to 0.3, RF-
Score’s performance drops to Rp = 0.559, Rs = 0.569, and
RMSE = 2.007.
In addition, the impact of ligand similarity between the test

and training ligands was also investigated as follows. At a
specified protein similarity cutoff c, the ligand similarity
between the test set and a training set NT(c) (constructed
from eq 1) is defined as

∑=
= ≤ ≤

c i jTC( )
1

195
max {TC( , )}

i j N1

195

1 c (3)

where TC(i, j) is the fingerprint-based Tanimoto coefficient
(TC) between ligand i in the TS and ligand j in NT(c), as
calculated by OpenBabel,38 and Nc is the number of ligands in
NT(c).
As shown in Tables 1 and 2, when the protein structural

similarity decreases from 1 to 0.4, the ligand similarity goes
down from 0.62 to 0.572. Similarly, when the sequence
similarity is reduced from 1 to 0.3, the ligand similarity also
declines from 0.62 to 0.587. These data are consistent with the

Table 2. Performance of RF-Score and X-Score Trained at Different Similarity Levels; The Training Sets Were Constructed
Using Equation 1, with Sequence Identity as the Similarity Measure

RF-Score X-Score

cutoff no. in training set TC Rp Rs RMSE Rp Rs RMSE

1.000 1105 0.620 0.783 0.769 1.542 0.643 0.707 1.867
0.999 786 0.607 0.681 0.698 1.783 0.643 0.708 1.878
0.998 785 0.606 0.687 0.703 1.774 0.643 0.708 1.878
0.997 781 0.605 0.682 0.693 1.782 0.642 0.708 1.878
0.996 746 0.605 0.682 0.694 1.784 0.646 0.708 1.861
0.995 726 0.601 0.665 0.673 1.814 0.645 0.708 1.863
0.990 692 0.600 0.647 0.657 1.836 0.645 0.707 1.862
0.985 678 0.601 0.639 0.649 1.849 0.646 0.709 1.863
0.980 670 0.600 0.634 0.643 1.855 0.646 0.709 1.862
0.975 640 0.594 0.628 0.633 1.864 0.647 0.709 1.857
0.970 638 0.594 0.619 0.624 1.878 0.647 0.709 1.858
0.965 606 0.597 0.627 0.635 1.869 0.646 0.710 1.863
0.960 606 0.597 0.627 0.635 1.869 0.646 0.710 1.863
0.955 584 0.595 0.623 0.626 1.881 0.645 0.708 1.875
0.950 584 0.595 0.623 0.626 1.881 0.645 0.708 1.875
0.900 565 0.598 0.622 0.621 1.886 0.644 0.707 1.863
0.850 558 0.599 0.631 0.638 1.867 0.645 0.709 1.855
0.800 554 0.598 0.629 0.637 1.871 0.645 0.709 1.857
0.750 553 0.598 0.637 0.640 1.859 0.645 0.709 1.858
0.700 552 0.597 0.632 0.640 1.864 0.645 0.708 1.852
0.650 545 0.595 0.613 0.623 1.896 0.645 0.709 1.853
0.600 542 0.595 0.613 0.622 1.896 0.644 0.708 1.856
0.550 535 0.596 0.611 0.618 1.903 0.644 0.709 1.858
0.500 522 0.591 0.600 0.607 1.913 0.644 0.708 1.856
0.450 508 0.593 0.600 0.602 1.918 0.644 0.707 1.857
0.400 451 0.592 0.620 0.627 1.896 0.647 0.709 1.857
0.350 350 0.591 0.619 0.640 1.925 0.643 0.705 1.870
0.300 181 0.587 0.559 0.569 2.007 0.645 0.697 1.838
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assumption that similar proteins tend to bind to similar ligands,
which was also reported in the work by Brylinski.19 Therefore,
we may conclude that the high performance of RF-Score can be
explained by a high similarity of not only proteins but also
ligands between the training and testing sets.
The Scoring Power of X-Score Is Stable and

Independent of the Sample Similarity. As a control for
RF-Score, using exactly the same division method, we refitted
X-Score’s energy terms by naiv̈e linear regression on the new
training sets and validated the new functions on the original test
data. As shown in Tables 1 and 2, though the similarity between
training and test data gradually increases, the performance of X-
Score does not change much (Rp and Rs are always about 0.64
and 0.71, respectively), no matter whether structural or
sequence similarity is considered. This indicates that unlike
RF-Score, X-Score is independent of sample similarity, which is
a necessary feature for real-world applications, such as
molecular docking, virtual screening, and drug design. Indeed,
the X-Score function has been successfully incorporated into
the popular docking software Autodock Vina.33

It Is the Sample Similarity Rather Than the Size of the
Training Set That Affects the RF-Score. It was reported
that the performance of RF-Score improved with an increase in
training set size.16,34 This conclusion may need to be adjusted
as well when considering the sample similarity between the
training and test data, which can be roughly seen from Tables 1
and 2. For example, when the TM-score cutoff changes from
0.965 to 0.65, the Rp and Rs of RF-Score are relatively stable
(around 0.62), though the size of the training set decreases
from 567 to 400. When the sequence identity cutoff changes
from 0.97 to 0.4, the Rp and Rs of RF-score are also almost
stable (around 0.62), though the size of the training set
decreases from 638 to 451. To further demonstrate our
hypothesis that the outstanding scoring power of the RF-Score
is attributable to the increase in the sample similarity rather
than the increase in training set size, we trained the RF-Score
by continuously raising the structural similarity cutoff to
remove those dissimilar training samples. The results are listed
in Table 3. With 538 training samples at TM-score > 0.965,
similar performance was achieved (Rp = 0.784, Rs = 0.771, and
RMSE = 1.561) as with the original 1105 samples (Rp = 0.783,
Rs = 0.769, and RMSE = 1.542). Moreover, only 295 samples
with TM-score > 0.997 were used, the Rp was still as high as
0.737, which is much better than that (Rp = 0.689) using the
remaining 810 samples with TM-score ≤ 0.997 (Table 1).
Similar results were obtained when the sequence identity was
used to conduct the above experiments (see Table S3).

■ CONCLUSIONS
It has constantly been reported that the recently developed
machine-learning-based scoring functions outperform conven-
tional scoring functions on binding affinity prediction of
protein−ligand interactions. However, careful investigation of
the protein structural and sequence similarity between the
training and test data shows that the improvement in the
scoring power by these methods is attributed to the existence of
highly similar proteins in the training set. After removal of such
highly similar proteins from the training set and retraining of
the scoring functions, the machine-learning-based methods are
not better than the conventional scoring functions any more.
On the contrary, the performance of conventional functions
like X-Score is relatively stable no matter what training data are
used for fitting the weights of its energy terms.

The development of new descriptors for improving the
prediction of protein−ligand binding affinity is still in demand.
We hope that this study will provide guidance for constructing
new benchmarks for training and validation of scoring functions
for protein−ligand binding affinity prediction.
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