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Protein-protein binding interaction is the most prevalent biological activity that mediates a
great variety of biological processes. The increasing availability of experimental data of protein–
protein interaction allows a systematic construction of protein–protein interaction networks,
signi¯cantly contributing to a better understanding of protein functions and their roles in
cellular pathways and human diseases. Compared to well-established classi¯cation for protein–
protein interactions (PPIs), limited work has been conducted for estimating protein–protein
binding free energy, which can provide informative real-value regression models for characterizing the protein–protein binding a±nity. In this study, we propose a novel ensemble computational framework, termed ProBAPred (Protein–protein Binding A±nity Predictor), for
quantitative estimation of protein–protein binding a±nity. A large number of sequence and
structural features, including physical–chemical properties, binding energy and conformation
annotations, were collected and calculated from currently available protein binding complex
datasets and the literature. Feature selection based on the WEKA package was performed to
identify and characterize the most informative and contributing feature subsets. Experiments
on the independent test showed that our ensemble method achieved the lowest Mean Absolute
Error (MAE; 1.657 kcal/mol) and the second highest correlation coe±cient (R-value ¼ 0:467),
** Corresponding

authors.
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compared with the existing methods. The datasets and source codes of ProBAPred, and the
supplementary materials in this study can be downloaded at http://lightning.med.monash.edu/
probapred/ for academic use. We anticipate that the developed ProBAPred regression models
can facilitate computational characterization and experimental studies of protein–protein
binding a±nity.
Keywords: Protein–protein binding a±nity; regression model; sequence-derived features;
structural features; feature selection.

1. Introduction
A variety of biological activities are regulated and mediated by protein–protein
interactions (PPIs). Protein–protein interactions underlie a myriad of biological
activities, such as activation of DNA synthesis,1 gene transcription,2 protein translation,3 and signal transduction4 among others. Subtle interruptions within protein
interaction networks may result in changes in protein function, thereby leading to
human diseases.5 Protein binding free energy has been used as an important measure
for protein interaction.6 Additionally, in terms of drug design applications, binding
free energy can reliably re°ect the activity of drugs with other biomolecules,7
highlighting its potential in guiding drug design and enhancing the e±cacy of
treatment. In view of the importance of binding free energy, it is highly desirable to
develop accurate quantitative models to accurately estimate protein binding free
energy.
To date, a variety of computational approaches for PPI prediction have been
proposed. Notably, two main research directions for PPI prediction have been
established, i.e. PPI classi¯cation and PPI binding a±nity estimation. The former
has been well-established; a variety of computational models addressing this task
have been published to date.8–12 These approaches only generate binary classi¯cation
results (i.e. prediction of PPI or nonPPI). The binary, less informative outputs of
PPI classi¯ers can only roughly suggest the possibilities of proteins forming interactions. To address this, more and more attention has been recently paid to develop
regression models to quantitatively estimate the protein–protein binding a±nity.
Regression is a type of statistical analysis method that usually takes a group of
independent variables as the input to predict an dependent variable, aimed at formulating a mathematical expression between these variables.13 Compared to PPI
classi¯cation, protein–protein binding a±nity estimation using regression models can
provide real values, which are easier to interpret and facilitate experimental validation.
Despite the signi¯cance of protein–protein binding a±nity estimation, a limited
number of computational methods have been published compared to PPI classi¯cation. These included PPA Pred,14–16 DFIRE,17 PMF,18 ICs/NIS,19 and consensus
model.20 However, the predictive performance of these methods, measured by Mean
Absolute Error (MAE) and correlation coe±cient, was not satisfactory and require
further improvement. Moreover, several published regression models did not provide
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web servers or local software tools, making them di±cult to be practically applied. In
this study, we proposed a novel computational framework for training regression
models, termed Protein–protein Binding A±nity Predictor (ProBAPred) for accurate, real-valued estimation of protein–protein binding a±nity, by incorporating
protein sequence and structural features. We performed systematic feature selection
experiments to identify the subsets of most contributing features that led to the best
predictive performance based on the WEKA software package,21 a widely used data
mining platform. In particular, at the feature selection step, three e®ective methods
based on attribute evaluator and search methods were employed to identify the
optimal feature subsets based on performance comparison among the nine regression
models. In addition, we proposed three ensemble frameworks, which were developed
based on the combination of three best-performing regression models, i.e. MARS,22
SMOreg,23 and Linear regression. The three regression models were further integrated by assigning speci¯c weights according to their MAE and correlation coe±cient obtained from the ¯ve-fold cross-validation. On the independent test, the
unweighted ensemble model (selected as the optimal ProBAPred model) achieved
the best performance, as indicated by the lowest MAE (1.657 kcal/mol) and the
second highest correlation coe±cient value (R-value ¼ 0:467), compared to the
existing methods.

2. Material and Methods
2.1. Overall framework
The overall framework of ProBAPred is shown in Fig. 1. We can see that there exist
four major steps for constructing ProBAPred models and evaluating their predictive
performance. These four steps include Data collection and preprocessing, Feature
extraction, Feature selection, and regression model establishment and validation. At
the ¯rst step, two datasets were collected from previous studies14,15 of protein–
protein binding a±nity. The ¯rst dataset15 containing 135 PPI complexes with
remarked bound complex and its unbound status was used as the benchmark dataset
for performing ¯ve-fold cross-validation. The other dataset14 consisting of 39 protein
complexes, which did not overlap with the benchmark dataset of 135 PPI complexes,
was used as the independent test dataset. At the second step, sequence-derived and
structural features were extracted and calculated using several third-party computational tools. Please refer to Secs. 2.3 and 2.4 for more details. Feature selection
experiments for sequence-derived features were conducted at the third step using
attribute evaluator and search methods provided by the WEKA machine learning
platform21 to characterize the most informative and contributing feature subsets.
Due to the limited number of structural features available, we only conducted feature
selection on sequence-derived features. More details regarding the calculation and
extraction of structural features can be found in Sec. 2.4. During the last step, nine
regression models and three ensemble frameworks were built using the WEKA
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Fig. 1. The overall framework of ProBAPred.

package and MATLAB package, with their predictive performance evaluated
and compared with other existing models (i.e. DFIRE and PMF) on both ¯ve-fold
cross-validation and independent tests.
2.2. Data preprocessing
The benchmark dataset which was originally prepared by Kastritis et al.24 and used
in the study of Yugandhar et al.15 contained 135 PPI complexes. These complexes
(including bound and unbound status) were further categorized nine subgroups
according to the function of the proteins: antibody versus antigen (10 complexes),
antigen binding antibody (¯ve complexes), enzyme versus inhibitor (31 complexes),
enzyme versus substrate (nine complexes), enzyme with a regulatory or accessory
chain (11 complexes), noncognate (nine complexes), G protein containing (16 complexes), receptor protein containing (12 complexes), and unclassi¯ed (32 complexes).
These complexes were included according to the following selection criteria: (1) the
sequence length of each binding partner is greater than 50 residues; (2) the binding
a±nity the complex is known; and (3) the complex is heterodimeric and both
interacting partners are proteins. Table S1 in the Supplementary File provides a
detailed description of the benchmark dataset.
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J. Bioinform. Comput. Biol. 2018.16. Downloaded from www.worldscientific.com
by MONASH UNIVERSITY on 07/22/19. Re-use and distribution is strictly not permitted, except for Open Access articles.

ProBAPred: Inferring protein–protein binding a±nity

In order to objectively evaluate the predictive performance, we collected 39
nonoverlapping complexes as an additional validation set, which was prepared by
Moal et al.14 to compare the performance of ProBAPred with that of other existing
methods. Those binding complexes with partner protein shorter than 50 residues
were disregarded. This validation set consists of two antibody–antigen complexes,
two enzyme-inhibitor complexes, ¯ve enzymes with other complexes, six G-proteins
containing complexes, nine receptor proteins containing complexes, and 15 unclassi¯ed complexes14 (Refer to Supplementary Table S2 for more details).
2.3. Extraction of sequence-derived features
Sequence feature extraction. Amino acids are the fundamental building blocks of
proteins and amino acid sequence determines the protein secondary structure and
function.25 A number of previous studies indicated that when used in combination
with other informative features, sequence-derived features contribute to the predictive performance of the machine learning-based models for prediction of protein
structural and functional properties.26–29 Here, we collected 544 amino acid indices
from the AAindex database30 and 48 complementary properties from the literature31
to calculate sequence features for protein complexes. AAindex is a set of 20 numerical
values representing a variety of physicochemical and biological properties of amino
acids. The other 48 sequence features extracted from the literature describe physical–
chemical, energetic, and conformational properties of amino acids. A complete list of
the 544 amino acid indices and 48 sequence features can be found in Table S3. We
also computed the frequency of each amino acid of ligands and receptors as an
additional type of sequence feature. The derived frequency was further multiplied by
the corresponding value of amino acid from the amino acid features to calculate the
total value of each amino acid in the ligands and receptors. Then, we divided the
length of protein amino acid chain by the total value of each amino acid of ligands
and receptors to obtain the average values of amino acid as sequence features. Taken
together, a total of 23,650 sequence-derived features were initially extracted and
calculated.
2.4. Extraction of structural features
Six di®erent types of structural features were identi¯ed based on the available
structures of protein complexes with respect to binding a±nity, which included
Atomic-accessible Surface Area (ASA), proportion of the interface residues, percentage of predicted binding site residues, normalized interface-packing (NIP) score
and normalized surface complementarity (NSC) scores, coarse grain potentials, interresidue contacts, and noninteracting surface. A total of 53 structural features were
then calculated to train the regression models together with the above-selected sequence-derived features (see Table S1 for more details). The calculated structural
features are brie°y discussed below.
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Atomic-accessible Surface Area. ASA was calculated based on a structural
window of 1.4Å radius over the surface of the protein using the NACCESS program
(http://www.bioinf.manchester.ac.uk/naccess/). ASA, which is often used as an
e®ective descriptor to measure the extent of protein binding,24 represents the absolute value of accessible surface area change between the bound and unbound
status.
Proportion of the interface residues. We used DSSP32 to extract the protein
7-class secondary structure annotations and calculated the proportion of interface
residues based on the hydrogen bond estimation, which is considered relevant to the
binding free energy.33 The seven structural descriptors provided by DSSP included
310 helix, -helix, -helix, residues in the isolated -bridge, residue-extending strand
participating in  ladder, and hydrogen bonded with turning and bend.
Percentage of predicted binding sites. The percentage of predicted binding
sites has been previously reported to be important for understanding the recognition
mechanism of protein–protein complexes.34 The percentage of binding site residues is
higher in the protein complexes with higher binding free energy than those with
lower binding free energy.15 To calculate the percentage, we ¯rst predicted protein–
protein interacting (PPI) residues using the SPPIDER server.35 Then, we calculated
the percentage of predicted binding site residues for each PPI complex as an input
feature and examined whether it could impact on the prediction of the complex
binding a±nity.
NIP and NSC scores. These included normalized interface-packing (NIP) score
and normalized surface complementarity (NSC) score. NIP and NSC are two measures for describing the surface complementarity and atom packing based on the
calculation of the protein interaction interface area,36 which are informative for
discriminating biological versus nonbiological protein–protein interactions. The interface area was de¯ned as the solvent accessible surface area buried per subunit in
the complex, whereas interface packing was de¯ned based on the ratio of enclosed
volume and total volume. The surface complementarity score was calculated by the
ratio of the total complemented area and the minimum of total triangulated area
between the two subunits. These features were suggested as robust measures for
assessing geometric properties of protein interaction interfaces and describing selective binding of molecules.36
Coarse-grain potentials. Coarse-grain potentials refer to the multiscale coarsegraining (MS-CG) methodology,37 including four-body potentials, general-four-body
potentials, short-range potentials, and 23 two-body contact potentials of protein
residues. All these potentials have been widely applied for studying ligand binding
and protein design.38 The values of these 26 coarse grain potentials38 were calculated
using the Potentials R'Us server.39 They had a high correlation coe±cient of 0.34
(refer to Table 1) with binding a±nity.
Inter-residue contacts (ICs) and noninteracting surface (NIS). We calculated the number of ICs and the percentage of NIS used in the study of Vangone
et al.19 They generated features based on the amino acid type 

 polar/apolar 

 for
1850011-6
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NIS, and contact types 

 polar/polar, polar/apolar, charged/charged, charged/
apolar 

 for the ICs.19 According to the literature, these features are highly correlated with binding a±nity.19 A recent work has proved the e®ect of the NIS on
binding a±nity.40
2.5. Feature selection of sequence-derived features
The initial feature set might include noisy, redundant, and irrelevant features, which
can yield to unsatisfactory prediction performance.41–44 Therefore, feature selection
is an essential step to remove such redundant features and generate an optimal
feature subset for training regression model. Because there were 53 structural features obtained, we only applied feature selection to select more informative sequence
features. In particular, we applied several di®erent feature evaluators in combination
with a variety of search methods provided by WEKA to select most informative
sequence features. Three combinations of feature evaluator and search
methods were used, including CfsSubsetEval þ SubsetSizeForwardSelection,45
CfsSubsetEval þ BestFirst,46 and WrapperSubsetEval47 þ GeneticSearch,48 which
were implemented in WEKA. WEKA used the Pearson's correlation49 to evaluate
the importance of each feature. As a result, 5 features, 39 features, and 2007
features were ¯nally selected by CfsSubsetEval þ SubsetSizeForwardSelection,
CfsSubsetEval þ BestFirst, and WrapperSubsetEval þ GeneticSearch, respectively.
We then combined three respective sequence feature sets with structural features,
and further applied an incremental feature selection (IFS) method27 to ¯nally determine three optimized feature sets. The prediction performance trained based on
the three optimized feature sets is discussed in the Results and Discussion section.
2.6. Construction and assessment of regression models
Nine di®erent machine learning algorithms were used to build regression models to
predict the binding a±nity based on the optimized feature subset after feature selection, which included Support Vector Regression (SVR),50 RBFNetwork,51 Linear
Regression, SMOreg,23 Additive Regression,52 Regression By Discretization,53
M5P,54,55 and Multivariate Adaptive Regression Splines (MARS).22 All these algorithms except MARS, have been implemented in WEKA.21 MARS was coded using
the MATLAB in the ARESLab toolbox. Both ¯ve-fold cross-validation (using the
benchmark dataset originally prepared by Yugandhar et al.15) and independent tests
(using the additional dataset prepared by Moal et al.14) were performed to assess the
predictive performance of these regression models. Three primary measures MAE,
Pearson's correlation coe±cient (i.e. PCC or R-value), and p-value were used to
assess the predictive performance. MAE and PCC are de¯ned as follows:

Pn

MAE ¼

i¼1 jYi

n
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3. Results and Discussion
3.1. Selected optimal features and their contribution
We applied three combinations of feature evaluator and search methods in WEKA,
including CfsSubsetEval þ SubsetSizeForwardSelection, CfsSubsetEval þ BestFirst,
and WrapperSubsetEval þ GeneticSearch, as sequence feature selection methods in
this study. As a result, we obtained three sequence feature sets after feature selection,
which contained 5, 39, and 2007 sequence features, respectively. Refer to Supplementary Table S3 for more detail. As aforementioned, we calculated six types of
structural features, including ASA, proportion of the interface residues, percentage
of PPI residues, NIP and NSC scores, coarse grain potentials, and ICs/NIs, all of
which have been previously shown to be relevant to protein–protein binding a±nity.
The maximum correlation coe±cient values between each type of features and the
experimental binding a±nity in the benchmark dataset are shown in Table 1. We can
see that except for the percentage of PPI residues, and NIP and NSC scores, all the
other structural features had signi¯cant p-values (0.05 was used as the statistical
signi¯cance threshold).
To characterize the importance of each feature in the structural feature set, we
evaluated the correlation coe±cient using nine regression models, by adding a feature
each time from the initial structural feature set until all structural features
(53 features in total) had been added once. Three correlation coe±cient curves
(Figs. 2(a)–2(c)), were plotted, corresponding to three feature sets containing 5, 39,
and 2007 sequence feature sets, respectively. We found that the values of correlation
coe±cient values increased ¯rst and then declined after reaching the peak in the cases
of certain regression models, e.g. RegressionByDiscretization, M5P, and MARS.
After the number of added structural features reached 47, 53, and 47, respectively,
the correlation coe±cients achieved their maximum values in the case of MARS
across all the three sequence feature sets. As a comparison, SMOreg and Linear
Table 1. The maximum correlation coe±cients and the corresponding
p-value between each type of features and experimental binding a±nity.*
Structural feature type

Correlation coe±cient

p-value

0.2217
0.2075
0.1166
0.0118
0.3358
0.3632

0.005
0.016
0.18
0.448
<0.001
<0.001

ASA
Proportion of the interface residues
Percentage of PPI residues
NIP and NSC
Coarse grain potentials
ICs and NIS

Note: *Correlation coe±cients were reported as absolute values.
1850011-8
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Fig. 2. Relationship between the predictive performance (evaluated by correlation coe±cient) of di®erent
algorithms and the number of added structural features, based on: (a) feature set containing 2007 sequence
features and structural features selected by IFS; (b) feature set containing 39 sequence features and
structural features selected by IFS, and (c) feature set containing ¯ve sequence features and structural
features selected by IFS. The x-axis indicates the number of incremental structural features added, and the
y-axis means correlation coe±cient between the experimental and predicted binding a±nities based on
nine respective regression models on ¯ve-fold cross-validation.

Regression showed a general trend for improvement, despite the presence of some
°uctuation in the curve. Therefore, it is not surprising that the number of added
features could impact on the performance of the regression models.
Table 2 provides the maximum correlation coe±cient values and the corresponding numbers of structural features added. It can be seen that the correlation
coe±cient of MARS was 1.017–3.538 times greater than that of the other methods
tested on the same feature set. Another observation was that several regression
models could achieve their highest correlation coe±cient values when all structural
features (53 in total) were used to train the models. Therefore, in the following
experimental studies, all structural features were used together with di®erent sequence feature sets to build the regression models.
3.2. Performance of regression models trained using sequence and
structural features on the ¯ve-fold cross-validation
In this section, we combined the three types of selected sequence-derived features (i.e.
containing 5, 39, and 2007 sequence features) together with structural features to
1850011-9
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algorithms based on di®erent numbers of added structural features.
Correlation coe±cient
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Regression model
LibSVM þ epsilon-SVR (regression)
LibsSVM þ nu-SVR (regression)
RBFnetwork
Linear Regression
SMOreg
AdditiveRegression
RegressionByDiscretization
M5P
MARS

53 þ 5*

53 þ 39*

53 þ 2007*

0.1206(3)
0.1374(3)
0.1709(19)
0.2552(53)
0.297(51)
0.3354(3)
0.4131(53)
0.2506(50–51)
0.389(47)

0.1187(46–53)
0.1659(1–2)
0.2433(5)
0.2954(52)
0.3288(52)
0.3378(1)
0.3612(52)
0.3292(51)
0.42(53)

0.2527(3)
0.2668(1–3)
0.2856(21)
0.2491(43)
0.1756(53)
0.3839(47)
0.1997(48)
0.3026(50)
0.376(47)

Note: *Number of structural features þ number of selected sequence features.

build and evaluate the nine regression models using the benchmark dataset on ¯vefold cross-validation. Note that MARS could only be trained using 118 complexes in
the benchmark dataset, whereas the other 17 complexes could not be processed by
MATLAB due to the presence of missing values. Table 3 shows the MAEs and
R-values of all nine regression models. As shown, MARS achieved the overall highest
R-value (representing the correlation coe±cient) and relatively lower MAE
(MAE ¼ 2:36 kcal/mol; R ¼ 0:42) using the feature set that contained 53 structural
and 39 selected sequence-derived features.
We further evaluated and compared the performance of other existing models for
predicting binding a±nity based on ¯ve-fold cross-validation using the benchmark
dataset. The result shows that the MAE of three models (i.e. MARS, Linear Regression and SMOreg) outperformed DFIRE and PMF. Note that some existing
methods could not be applied in the experiment. For example, the consensus model
was inaccessible at the time of evaluation. The ICs/NIS model was trained using a
Table 3. Correlation coe±cient values and MAEs of nine regression algorithms with di®erent feature
sets based on ¯ve-fold cross-validation. The values marked in bold represent the overall lowest MAEs
and highest R-values for the regression models trained using corresponding feature sets.
53 þ 5*
Regression model
Libsvm þ epsilon SVR (regression)
Libsvm þ nu SVR (regression)
RBFnetwork
Linear Regression
SMOreg
AdditiveRegression
RegressionByDiscretization
M5P
MARS
Average

53 þ 39*

53 þ 2007*

MAE

R-value

MAE

R-value

MAE

R-value

2.3304
2.3229
2.337
2.5994
2.3998
2.6012
2.2113
2.4216
2.565
2.42

0.1187
0.1233
0.1528
0.2552
0.2841
0.1252
0.4131
0.1808
0.3066
0.13

2.3304
2.3229
2.3032
2.8
2.474
2.4744
2.4164
2.3344
2.36
2.424

0.1187
0.1233
0.0756
0.2538
0.3077
0.249
0.319
0.2764
0.42
0.1844

2.3304
2.3229
2.1701
2.4819
3.1787
2.6745
2.5908
2.3424
2.68
2.53

0.1187
0.1233
0.247
0.1687
0.1756
0.1971
0.1874
0.302
0.27
0.145
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dataset that contained 77 overlapping protein complexes with our benchmark
dataset. PPA-Pred14–16 was also not suitable for being included comparison as the
benchmark dataset in this study was identical with the training dataset of PPAPred. The result shows that DFIRE achieved an MAE of 4.82 and an R-value of
0.341; whereas PMF achieved an MAE of 3.22 and an R-value of 0.34. It is noteworthy that MARS outperformed both DFIRE and PMF in terms of both MAE and
R-value.
3.3. Performance comparison with existing methods based on
independent test dataset
An external validation set was originally prepared by Moal et al. as the independent
test dataset, which included 39 protein complexes. This independent test dataset did
not overlap with the benchmark dataset used in this study, and thus is suitable for
performing independent test of di®erent methods. Four existing methods, including
PPA-Pred, DFIRE, PMF, and ICs/NIS were compared with the nine regression
models developed in Secs. 3.1 and 3.2 on this dataset.
Table 4 presents the predictive performance (evaluated in terms of MAE and
R-value) of all the methods based on the independent test dataset using the 53 þ 39
feature set. Although certain methods such as DFIRE and PMF achieved higher
correlation coe±cient values, the MAE values of these methods were high. As a
comparison, the two regression models developed using LibSVM generally achieved
lower MAEs but attained lowest correlation coe±cient values of 0. As can be seen
in Table 4, Linear Regression and SMOreg achieved lower MAEs and higher correlation coe±cient values (Linear Regression: R ¼ 0:4626; MAE ¼ 1:7763 kcal/mol;
Table 4. Performance comparison between di®erent regression
models in terms of MAE and correlation coe±cients (R-value)
evaluated on the independent test dataset.
Regression model
14–16

PPA-Pred
DFIRE17
PMF18
ICs/NIS
LibSVM þ epsilon SVR (regression)
LibSVM þ nu SVR (regression)
RBFnetwork
AdditiveRegression
RegressionByDiscretization
M5P
Linear Regression
SMOreg
MARS
Weighted MAE
Weighted R
Unweighted

1850011-11

MAE

R-value

2.7
6.904
3.095
1.869
1.790
1.711
1.775
2.037
2.329
1.980
1.776
1.947
1.958
1.66
1.662
1.657

0.07
0.424
0.407
0.499
0
0
0.167
0.203
0.176
0.366
0.463
0.458
0.205
0.463
0.449
0.467
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SMOreg: R ¼ 0:458; MAE ¼ 1:9474 kcal/mol) compared to other models (except
for ICs/NIS).
Because MARS performed well on ¯ve-fold cross-validation (Table 3), we were
interested in exploring the possibility of combining three models (i.e. Linear
Regression, SMOreg, and MARS) by assigning di®erent weight to each model based
on MAE (Weighted MAE) and R-value (Weighted R) to further improve the predictive performance. For the Weighted MAE model, the weights were assigned based
on their MAE values obtained on ¯ve-fold cross-validation using the benchmarking
dataset (the weights of MARS, Linear Regression, and SMOreg were 0.358, 0.301,
and 0.341, respectively). While for the Weighted R model, the weights were assigned
based on their R-values obtained on ¯ve-fold cross-validation using the benchmarking dataset (the weights of MARS, Linear Regression, and SMOreg were 0.428,
0.259, and 0.313, respectively). Moreover, we also built another ensemble model,
called Unweighted, which assigned equal weights to all the three individual models
(i.e. the weight was 1/3 for each). The predicted MAEs and R-values of these three
ensemble models are shown in Table 4. It is notable that the Unweighted model
trained using the 53 þ 39 feature set achieved the lowest MAE values amongst all
other methods on the independent test, with the R-values ranked as the second best
in general. Altogether, considering both the MAE and R-value, we concluded that
the Unweighted was the optimal model for predicting the binding a±nity and used
as the ¯nal model for ProBAPred.
3.4. Case study
To further test the predictive performance of ProBAPred, we presented a case study
of two protein complexes from the independent dataset and applied ProBAPred to
predict their binding a±nity. The PDB ID of the ¯rst protein complex is 3GC3.56 Its
ligand is important for receptor desensitization and is required for triggering
\alternative" signals and regulating agonist-mediated G-protein coupled receptor
(GPCR) signaling by mediating both receptor desensitization and resensitization
processes.57 The receptor of 3GC3 is a major protein of the polyhedral coat of coated
pits and vesicles, and has been proposed to contribute to stabilization of kinetochore
¯bers of the mitotic spindle by acting as inter-microtubule bridge.58 The experimental and predicted binding a±nities of 3GC3 were 7.75 kcal/mol and
7.803 kcal/mol, respectively. The MAE for this case study complex was only
0.053 kcal/mol, indicating a good predictive result by ProBAPred. The PDB ID of
the second protein complex is 3AJB.59 Its ligand is necessary for peroxisomal
membrane proteins in the peroxisomes which are involved in peroxisome biosynthesis
and integrity.60 The receptor of 3AJB is thus essential for peroxisomal membrane
proteins. It can bind and stabilize newly synthesized PMPs in the cytoplasm by
interacting with their hydrophobic membrane-spanning domains.61 The experimental and predicted binding a±nities of this complex (3AJB) were 10.08 kcal/mol
and 10.04 kcal/mol, respectively. ProBAPred also achieved a lower MAE of
1850011-12
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0.04 kcal/mol for this complex. In summary, the comparison between the experimental binding a±nity and the predicted value indicate that ProBAPred is capable
of estimating the protein–protein binding a±nity.
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3.5. Software availability
We have made publicly available an online webpage of ProBAPred, which is available at http://lightning.med.monash.edu/probapred/. The source codes, user
instructions, supplementary documents, and examples can be downloaded from this
website. All these materials are freely available for academic purposes. The source
codes were written in MATLAB and Java programming languages, and accordingly
dependency check is recommended prior to the installation. We also provided a
detailed user instruction document within the downloaded source codes with regards
to essential procedures of how to run ProBAPred locally. In addition, we also provided our contact detail so that users can report potential bugs and help improve
ProBAPred.
4. Conclusion
Protein–protein binding and interaction is a fundamental biological process. Accurate estimation of protein–protein binding a±nity can signi¯cantly contribute to
characterization of novel interacting partner, facilitation of mechanistic studies and
generation of new biological hypothesis. In this paper, we proposed ProBAPred, a
useful ensemble regression-based computational framework by integrating a variety
of protein sequence-derived and structural features to accurately estimate the
binding a±nity. A number of feature selection methods were used to select optimized
feature sets. We generated nine individual regression models and three ensemble
models based on weighting strategies and benchmarked the performance of these
models with other existing methods. Five-fold cross-validation, independent test,
and case studies showed that ProBAPred could accurately quantify the relationship
between protein sequence/structural features and the binding a±nity. We hope that
ProBAPred can be employed as a useful tool for accurate prediction of protein–
protein binding a±nity and guide biologists with their hypothesis generation and
experimental validation.
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