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Abstract. Accurately predicting the binding affinities of large sets of diverse 
molecules against a range of macromolecular targets is an extremely challeng-
ing task. The scoring functions that attempt such computational prediction ex-
ploiting structural data are essential for analysing the outputs of Molecular 
Docking, which is in turn an important technique for drug discovery, chemical 
biology and structural biology. Conventional scoring functions assume a prede-
termined theory-inspired functional form for the relationship between the va-
riables that characterise the complex and its predicted binding affinity. The in-
herent problem of this approach is in the difficulty of explicitly modelling the 
various contributions of intermolecular interactions to binding affinity. 

Recently, a new family of 3D structure-based regression models for binding 
affinity prediction has been introduced which circumvent the need for model-
ling assumptions. These machine learning scoring functions have been shown to 
widely outperform conventional scoring functions. However, to date no direct 
comparison among machine learning scoring functions has been made. Here the 
performance of the two most popular machine learning scoring functions for 
this task is analysed under exactly the same experimental conditions. 

Keywords: molecular docking, scoring functions, machine learning, chemical 
informatics, structural bioinformatics. 

1 Introduction 

Docking has two stages: predicting the position, orientation and conformation of a 
molecule when docked to the target’s binding site (pose generation), and predicting 
how strongly the docked pose of such putative ligand binds to the target (scoring). 
Whereas there are many relatively robust and accurate algorithms for pose generation, 
the inaccuracies of current scoring functions continue to be the major limiting factor 
for the reliability of docking [1]. Indeed, despite extensive research, accurately pre-
dicting the binding affinities of large sets of diverse protein-ligand complexes remains 
one of the most important and difficult active problems in computational chemistry. 

Scoring functions are traditionally classified into three groups: force field, know-
ledge-based and empirical. Force-field scoring functions parameterise the potential 
energy of a complex as a sum of energy terms arising from bonded and non-bonded 
interactions [2]. The functional form of each of these terms is characteristic of the 
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particular force field, which in turn contains a number of parameters that are esti-
mated from experimental data and computer simulations. Knowledge-based scoring 
functions use the three dimensional co-ordinates of a large set of protein-ligand com-
plexes as a knowledge base. In this way, a putative protein-ligand complex can be 
assessed on the basis of how similar its features are to those in the knowledge base. 
The features used are often the distributions of atom-atom distances between protein 
and ligand in the complex. Features commonly observed in the knowledge base score 
favourably, whereas less frequently observed features score unfavourably. When 
these contributions are summed over all pairs of atoms in the complex, the resulting 
score is converted into a pseudo-energy function, typically through a reverse 
Boltzmann procedure, in order to provide an estimate of the binding affinity (e.g. [3]). 
Lastly, empirical scoring functions calculate the free energy of binding as a sum of 
contributing terms, each identified with a physicochemically distinct contribution to 
the binding free energy such as: hydrogen bonding, hydrophobic interactions, van der 
Waals interactions and the ligand’s conformational entropy. Each of these terms is 
multiplied by a weight and the resulting parameters estimated from binding affinities. 
In addition to scoring functions, there are other computational techniques, such as 
those based on molecular dynamics simulations, that provide a more accurate predic-
tion of binding affinity. However, these expensive calculations remain impractical for 
the evaluation of large numbers of protein–ligand complexes and are generally limited 
to series of congeneric molecules binding to a single target [2,4,5]. 

For the sake of efficiency, scoring functions do not fully account for some physical 
processes that are important for molecular recognition, which in turn limits their abili-
ty to select and rank-order small molecules by computed binding affinities. It is gen-
erally believed [4] that the two major sources of error in scoring functions are their 
limited description of protein flexibility and the implicit treatment of solvent. In addi-
tion to these enabling simplifications, there is an important computational issue that 
has received little attention until recently [6]. Each scoring function assumes a prede-
termined theory-inspired functional form for the relationship between the variables 
that characterise the complex, which also include a set of parameters that are fitted to 
experimental or simulation data, and its predicted binding affinity. Such relationship 
takes the form of a sum of weighted physicochemical contributions to binding in the 
case of empirical scoring functions or a reverse Boltzmann methodology in the case 
of knowledge-based scoring functions. The inherent problem of this rigid approach is 
that it leads to poor predictivity in those complexes that do not conform to the model-
ling assumptions (see [7] for an insightful discussion of this issue). As an alternative 
to these conventional scoring functions, nonparametric machine learning can be used 
to implicitly capture binding interactions that are hard to model explicitly. By not 
imposing a particular functional form for the scoring function, intermolecular interac-
tions can be directly inferred from experimental data, which should lead to scoring 
functions with greater generality and prediction accuracy. This unconstrained ap-
proach was likely to result in performance improvement, as it is well-known that the 
strong assumption of a predetermined functional form for a scoring function consti-
tutes an additional source of error (e.g. imposing an additive form for the considered 
energetic contributions [8]). Incidentally, recent experimental results have resulted in 
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a redefinition of molecular interactions such as the hydrogen bond [9] or the hydro-
phobic interaction [10] which means that previously proposed functional forms may 
need to be revised accordingly. 

While there have been a number of machine learning classifiers exploiting x-ray 
structural data for discriminating between binders and non-binders (e.g. [11,12]), it is 
only recently that machine learning for nonlinear regression has been shown [6] to be 
a powerful approach to build generic scoring functions. This trend has been hig-
hlighted [13-15] as a particularly promising approach. Indeed, a growing number of 
studies showing the benefits of these techniques are being presented [6,15-18]. How-
ever, these new scoring functions have all been using different benchmarks to eva-
luate their performance. This prevents us from being able to compare them to each 
other, as the performance of a scoring function can vary dramatically depending not 
only on the selection of test set, but also that of the training set and interaction fea-
tures. In this paper, the performance of the two most popular machine learning ap-
proaches to scoring, Random Forest (RF) [19] and SVM epsilon-regression (SVR) 
[20], is investigated. The focus will be on generic, rather than family-specific (e.g. 
[21]), scoring functions, which constitute a harder regression problem due to the 
higher nonlinearity introduced by diverse protein-ligand complexes.  

2 Machine Learning Scoring Functions 

2.1 RF-Score [6] 

RF-Score uses RF as the regression model. A RF is an ensemble of many different 
decision trees randomly generated from the same training data. RF trains its constitu-
ent trees using the CART algorithm [22]. As the learning ability of an ensemble of 
trees improves with the diversity of the trees [19], RF promotes diverse trees by intro-
ducing the following modifications in tree training. First, instead of using the same 
data, RF grows each tree without pruning from a bootstrap sample of the training data 
(i.e. a new set of N complexes is randomly selected with replacement from the N 
training complexes, so that each tree grows to learn a closely related but slightly dif-
ferent version of the training data). Second, instead of using all features, RF selects 
the best split at each node of the tree from a typically small number (mtry) of randomly 
chosen features. This subset changes at each node, but the same value of mtry is used 
for every node of each of the P trees in the ensemble. RF performance does not vary 
significantly with P beyond a certain threshold and thus P=500 was set as a sufficient-
ly large number of trees. In contrast, mtry has some influence on performance and thus 
constitutes the only tuning parameter of the RF algorithm. In regression problems, the 
RF prediction is given by arithmetic mean of all the individual tree predictions in the 
forest. RF also has a built-in tool to measure the importance of individual features 
across the training set based on the process of “noising up”. 

RF-Score outperformed [6] 16 state-of-the-art scoring functions on the same inde-
pendent test set (2007 PDBbind core set [23]). To investigate the impact of chance 
correlation [24], the relationship between features and binding affinity in the training 
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set was destroyed by performing a random permutation of binding affinities, while 
leaving the interaction features untouched (a process known as Y-randomisation). 
After training, the resulting RF model was used to predict the test set. Over ten inde-
pendent trials, performance on the test set was on average R=−0.018 with standard 
deviation SR=0.095, which demonstrated the negligible contribution of chance corre-
lation to RF-Score’s prediction ability. Additional methodological considerations are 
discussed in [13]. 

2.2 Breneman and Co-workers [16]  

The next three scoring functions used SVR as the regression model. SVR searches for 
the hyperplane that best discriminates between two classes of feature vectors: those 
for which the error in the value predicted by the regression model is below a suffi-
ciently small value ε and those with a higher error. Vectors with higher error are used 
to guide this search. As in SVM classifiers, nonlinear kernels may be used to map 
input features onto a higher dimensional feature space where better discriminating 
hyperplanes are possible. 

The 2005 release of the PDBbind benchmark was used in this study. Five different 
non-overlapping training/test data partitions were made: (refined-core)/core with 
977/278 complexes, core/(refined-core) with 278/977 complexes and three random 
partitions with 278/977 complexes each. Each complex was represented by a set of 
Property-Encoded Shape Distributions (PESD) features encoding geometry, electros-
tatic potential and polarity for both the protein and the ligand interaction surfaces 
[16]. Several scoring functions based on SVM regression as implemented in the 
e1071 SVM R package [25] were presented. No feature selection was employed ex-
cept for the removal of invariant columns prior to training. SVM was trained with two 
control parameters: the gamma parameter of the default radial kernel and cost of con-
traints violation parameter. A range of models was defined by considering a number 
of values for both parameters and for each of these five-fold cross-validation over the 
training set was carried out (this cross-validation process was repeated 10 times with 
different random seeds). The selected SVM model was that with the highest average 
correlation coefficient with measured binding affinity over the validation sets. 

The performance of PESD-SVM scoring functions were compared against 
SFCScore, as the latter family of multivariate linear regression scoring functions was 
shown to perform better than 14 other scoring functions on a common test set [26]. 
The comparison between PESD-SVM and SFCScore could only be semiquantitative 
on comparably sized training/test partitions, as there was only an overlap of 700 com-
plexes between the data sets used in each study. The performance was comparable in 
general and slightly improved in some cases. These results are particularly valuable 
taking into account that, unlike PESD-SVM, SFCScore also included nonsurface-
based features, its training set had complexes in common with the test set and it was 
enriched with industrial data through the Scoring Function Consortium, a collabora-
tive effort with various pharmaceutical companies and the Cambridge Crystallograph-
ic Data Center. 
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2.3 Xie, Bourne and Co-workers [15] 

This study presents a SVM regression model to predict IC50 values. While this is not 
a generic scoring function, the study is relevant to our analysis in that it builds upon 
the idea that performance improvement can be achieved by circumventing error-prone 
modelling assumptions with nonparametric machine learning. In particular, the au-
thors focus on the fact that noncovalent interactions often depend on one another in a 
nonlinear manner and hence a nonlinear function of energy terms should lead to more 
accurate scoring functions that the linear combinations widely used in standard scor-
ing functions. The docking program eHiTS [27] was selected for this study because it 
calculates a large number of individual energy terms, which contribute to the overall 
energy score also known as the eHiTS-Energy scoring function. 

SVM-light [28] was used to train a regression model with 80 InhA experimental 
IC50 values in negative log units. 67 of these 80 molecules were not co-crystallised 
with the target and hence had to be docked into a InhA structure (PDB code: 1BVR). 
The eHiTS output provided a total of 20 different energy terms contributing to the 
overall energy score. In order to determine the optimal combination of energy terms 
for regression, 128 different combinations of these features and four SVM kernel 
functions (linear, polynomial, radial basis function and sigmoid tanh) were consi-
dered. Five-fold cross-validation was applied to select the final model. The model 
with the highest mean Spearman’s correlation coefficient over all five partitions was 
selected, which corresponded to the linear kernel and one of the considered combina-
tions of features. Feature importance was measured by re-training the selected model 
using all but a given feature. The left-out feature that resulted in the largest decrease 
in performance was deemed as the most important feature for regression. 

The selected SVM model obtained in a large improvement in the Spearman’s cor-
relation coefficient (0.607), when compared with that achieved by the eHiTS-Energy 
scoring function (0.117). The mean correlation coefficient in 100 Y-randomisation 
trials of this SVM model was 0.079, which means that chance correlation makes a 
very minor contribution to performance. These results demonstrate that assuming an 
additive form for empirical scoring functions is a suboptimal setting. 

2.4 Meroueh and Co-workers [17] 

Two generic scoring functions based on SVR were presented: SVR-KB and SVR-EP. 
SVR-KB employs the same representation as RF-Score, as it 1-tier encoding counts 
atomic contacts within the same distant cutoff. Additional features were considered 
through several binning strategies, different atom types and scaling the pairwise 
counts as pair knowledge-based potentials [17]. To build the SVR-EP model, a fea-
ture selection protocol using Simulated Annealing [29] was applied leading to the use 
of four of the 14 physicochemical properties considered. LibSVM v3.0 [30] was used 
for model training and prediction using the Gaussian radial basis function (RBF) ker-
nel. Grid search was conducted on some of the most important learning control para-
meters, such as ε in the loss function, gamma in the RBF kernel as well as the trade-
off between training error and margin, to give the best performance in a five-fold 
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cross-validation. In each cross-validation, 20 runs were performed on a random split 
bases and the quantity of average was recorded. 

Two new test data sets from CSAR [31] were used. SVR-KB trained with the 2010 
release of the PDBbind refined set (2292 complexes) resulted in the best performance 
as measured by several measures such as the square of Pearson’s correlation coeffi-
cient (R2=0.67).  Compared to seven widely used scoring functions on these test sets, 
SVR-KB outperformed the best of these by nearly 0.2 in R2. The SVR-EP also re-
sulted in superior performance, although at a lower level than SVR-KB. In contrast, 
conventional scoring functions tested on the same test set obtained an R2 in the range 
0.44 to 0.00. 

3 Experimental Setup 

These machine learning techniques for regression are used here to learn the nonlinear 
relationship between the atomic-level description of the protein-ligand complex as 
provided by a X-ray crystal structure and its binding affinity. This approach requires 
the characterisation of each structure as a set of features relevant for binding affinity 
(Figure 1 illustrates such characterisation for a particular protein-ligand complex).  
 

 

Fig. 1. Visualisation of the GAJ ligand molecule complexed with Helicobacter Pylori Type II 
Dehydroquinase (PDB code 2C4W). Protein-ligand atomic contacts are pictured as blue lines 
(only a fraction of these contacts are shown to avoid cluttering the figure). 

Usually, each feature will comprise the number of occurrences of a particular protein-
ligand atom type pair interacting within a certain distance range. This representation 
can have a significant impact on performance, as a number of conflicting objectives 
have to be balanced such as selecting atom types that result in dense features while 
allowing a direct interpretation in terms of which intermolecular interactions contri-
bute the most to binding in a particular complex. On the other hand, the independent 
variable of this regression is the binding affinity of the ligand for this target. Binding 
affinities uniformly span many orders of magnitude and hence are typically log-
transformed. It is also a common practice to merge dissociation constant (Kd) and 
inhibition constant (Ki) measurements in a single binding constant K, as this incre-
ments the amount of data that can be used to train the machine learning algorithm and 
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has been seen elsewhere that distinguishing between both data types does not lead to 
significant performance improvement.  

The PDBbind benchmark [23] is an excellent choice for validating generic scoring 
functions. It is based on the 2007 version of the PDBbind database [32], which con-
tains a particularly diverse collection of protein-ligand complexes, assembled through 
a systematic mining of the entire Protein Data Bank [33]. The first construction step 
was to identify all the crystal structures formed exclusively by protein and ligand 
molecules. This excluded protein-protein and protein-nucleic acid complexes, but not 
oligopeptide ligands as they do not normally form stable secondary structures by 
themselves and therefore may be considered as common organic molecules. Second-
ly, Wang et al. collected binding affinity data for these complexes from the literature. 
Emphasis was placed on reliability, as the PDBbind curators manually reviewed all 
binding affinities from the corresponding primary journal reference in the PDB.  

In order to generate a refined set suitable for validating scoring functions, the fol-
lowing data requirements were additionally imposed. First, only complete and binary 
complex structures with a resolution of 2.5Å or better were considered. Second, com-
plexes were required to be non-covalently bound and without serious steric clashes. 
Third, only high quality binding data were included. In particular, only complexes 
with known Kd or Ki were considered, leaving those complexes with assay-dependent 
IC50 measurements out of the refined set. Also, because not all molecular modelling 
software can handle ligands with uncommon elements, only complexes with ligand 
molecules containing just the common heavy atoms (C, N, O, F, P, S, Cl, Br, I) were 
considered. In the 2007 PDBbind release, this process led to a refined set of 1300 
protein-ligand complexes with their corresponding binding affinities. Still, the refined 
set contains a higher proportion of complexes belonging to protein families that are 
overrepresented in the PDB. This was considered detrimental to the goal of identify-
ing those generic scoring functions that will perform best over all known protein 
families. To minimise this bias, a core set was generated by clustering the refined set 
according to BLAST sequence similarity (a total of 65 clusters were obtained using a 
90% similarity cutoff). For each cluster, the three complexes with the highest, median 
and lowest binding affinity were selected, so that the resulting set had a broad and 
fairly uniform binding affinity coverage. By construction, this core set is a large, di-
verse, reliable and high quality set of protein-ligand complexes suitable for validating 
scoring functions. The PDBbind benchmark essentially consists of testing the predic-
tions of scoring functions on the 2007 core set, which comprises 195 diverse com-
plexes with measured binding affinities spanning more than 12 orders of magnitude. 

Regarding representation, atom types are selected so as to generate features that are 
as dense as possible, while considering all the heavy atoms commonly observed in 
PDB complexes (C, N, O, F, P, S, Cl, Br, I). As the number of protein-ligand contacts 
is constant for a particular complex, the more atom types are considered the sparser the 
resulting features will be. Therefore, a minimal set of atom types is selected by consi-
dering atomic number only. Furthermore, a smaller set of interaction features has the 
additional advantage of leading to computationally faster scoring functions. In this 
way, the features are defined as the occurrence count of intermolecular contacts be-
tween elemental atom types i and j:  
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where dkl is the Euclidean distance between kth protein atom of type j and the lth ligand 
atom of type i calculated from the PDBbind structure; Kj is the total number of protein 
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with F, P, Cl, Br and I atoms. Therefore, each complex was characterised by a vector 
with 36 integer-valued features. 
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4 Results and Discussion 

The SVR RBF kernel implementation in the caret package [34] of the statistical soft-
ware suite R was used. As with previous studies [16], grid search was conducted on 
the gamma parameter in the RBF kernel (γ) and the cost of constraint violation para-
meter (C) to give the best performance in a five-fold cross-validation of the training 
set. In each cross-validation, SVR was trained using the 36 combinations of parameter 
values arising from γ∈{0.01,0.1,1,10,100,1000} and C∈{0.25,0.5,1,2,4,8}. Thereaf-
ter, the average root mean square error between predicted and measured binding affin-
ity across the five cross-validation sets (i.e. those not used to train the SVR) was cal-
culated for each (γ,C) combination and that with the lowest value was selected to train 
on the entire training set to give SVR-Score≡SVR(γ=0.1,C=1). This model selection 
procedure is intended to find the model that is most likely to generalize to indepen-
dent test data sets. When ran on the independent test set, SVR-Score achieved a Pear-
son’s correlation of R=0.726, Spearman’s correlation Rs=0.739 and standard devia-
tion SD=1.70 as illustrated in Figure 2 (left).  

The same R package was employed to build and run this version of RF-Score. 
Model selection was carried out by five-fold cross-validation. In each cross-
validation, RF was trained using the 35 mtry values that cover all the feature subset 
sizes up to the number of interaction features, i.e. mtry ∈{2,3,…,36}. Thereafter, the 
average root mean square error between predicted and measured binding affinity 
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across the five cross-validation sets was calculated for each mtry value and that with 
the lowest value was selected to train on the entire training set to give RF-
Score≡RF(mtry=5). In the independent test set, RF-Score achieved a Pearson’s corre-
lation of R=0.774, Spearman’s correlation Rs=0.762 and standard deviation of 1.59 as 
illustrated in Figure 2 (right).  

 

 

Fig. 2. SVR-Score predicted versus measured binding affinity (left) and RF-Score predicted 
versus measured binding affinity (right) on the independent test set (195 complexes) 

Table 1. Performance of scoring functions on the PDBbind benchmark 

scoring function R Rs SD 
RF-Score 0.774 0.762 1.59 
SVR-Score 0.726 0.739 1.70 
X-Score::HMScore 0.644 0.705 1.83 
DrugScoreCSD 0.569 0.627 1.96 
SYBYL::ChemScore 0.555 0.585 1.98 
DS::PLP1 0.545 0.588 2.00 
GOLD::ASP 0.534 0.577 2.02 
SYBYL::G-Score 0.492 0.536 2.08 
DS::LUDI3 0.487 0.478 2.09 
DS::LigScore2 0.464 0.507 2.12 
GlideScore-XP 0.457 0.435 2.14 
DS::PMF 0.445 0.448 2.14 
GOLD::ChemScore 0.441 0.452 2.15 
SYBYL::D-Score 0.392 0.447 2.19 
DS::Jain 0.316 0.346 2.24 
GOLD::GoldScore 0.295 0.322 2.29 
SYBYL::PMF-Score 0.268 0.273 2.29 
SYBYL::F-Score 0.216 0.243 2.35 

  
Next, the performance of RF-Score and SVR-Score is compared against that of a 

broad range of scoring functions on the PDBbind benchmark [23]. Using a pre-
existing benchmark, where other scoring functions had previously been tested, en-
sures the optimal application of such functions by their authors and avoids the danger 
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of constructing a benchmark complementary to the presented scoring function. Table 
1 reports the performance of all scoring functions on the independent test set, with 
RF-Score obtaining the best performance followed by SVR-Score. In contrast, con-
ventional scoring functions tested on the same test set obtained a lower correlation 
spanning from 0.216 to 0.644. 

Given the secrecy of proprietary scoring functions, it is not possible to obtain full 
implementation details of these, often including training set composition. Consequent-
ly, in the context of this benchmark, it could only be reported [23] that, unlike  
RF-Score and SVR-Score, top scoring functions such as X-Score::HMScore, DrugS-
coreCSD, SYBYL::ChemScore and DS::PLP1 have an undetermined number of train-
ing complexes in common with this test set, which constitutes an advantage for the 
latter set of functions. On the other hand, calibration sets for conventional scoring 
functions typically contain around 100-300 selected complexes and hence training 
these functions with the 1105 complexes from this study could in principle lead to 
some improvement (note however that the latter strongly depends on whether the 
adopted regression model is sufficiently flexible to assimilate larger amounts of data 
and still keep overfitting under control). This issue was investigated in [23], where the 
third best performing function in Table 1 (best performing in that study),  
X-Score::HMScore, was recalibrated by its authors using exactly the same 1105 train-
ing complexes as RF-Score and SVR-Score (i.e. ensuring that training and test sets 
have no complexes in common). This gave rise to X-Score::HMScore v1.3, which 
obtained practically the same performance as v1.2 (R=0.649 versus R=0.644). Since 
RF-Score, SVR-Score and X-Score::HMScore v1.3 used exactly the same training set 
and were tested on exactly the same test set, this result also means that all the perfor-
mance gain (R=0.774 and  R=0.726 versus R=0.649) is guaranteed to come from the 
scoring function characteristics, ruling out any influence of using different training 
sets on performance. While this recalibration remains to be investigated for the re-
maining scoring functions (this can only be done by their developers), the fact that 
these perform much worse than RF-Score/SVR-Score along with the very small im-
provement obtained by recalibrating X-Score::HMScore strongly suggests that the top 
part of the ranking in Table 1 would remain exactly the same. 

5 Conclusions and Future Prospects 

Machine learning for nonlinear regression is a largely unexplored approach to develop 
generic scoring functions. Here, a comparison between RF and SVR as the regression 
models has been carried out. Using the same training set, test set, interaction features 
and model selection strategy, it was observed that RF-Score performs better than 
SVR-Score at predicting binding affinity. In turn, both machine learning scoring func-
tions outperformed a set of 16 established scoring functions on the same independent 
test set, which demonstrate the benefits of circumventing problematic modeling as-
sumptions via nonparametric machine learning. 

Future prospects for this new class of scoring functions are exciting, as there is a 
number of promising research avenues which are likely to lead to further performance 
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improvements. First, only three nonparametric machine learning techniques have been 
used to date (RF, SVR and Multi-Layer Perceptron) and hence alternative techniques 
might be more suitable for this problem. Second, only two model selection strategies 
have been applied so far (OOB and five-fold cross-validation) and therefore it re-
mains to be seen whether other strategies could lead to reduced overfitting. Third, 
unlike models with fixed structure, nonparametric machine learning techniques are 
sufficiently flexible to effectively assimilate large volumes of training data. Indeed, it 
has been observed [6,17] that performance on the test set improves dramatically with 
increasing training set size. This means that ongoing efforts to compile and curate 
additional experimental data should eventually lead to more accurate and general 
scoring functions. Finally, in order to facilitate the use, analysis and future develop-
ment of machine learning-based scoring functions, RF-Score code is made available at 
http://www.ebi.ac.uk/~pedrob/software.html. 
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