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ABSTRACT

DATA-DRIVEN AND TASK-SPECIFIC SCORING FUNCTIONS FOR PREDICTING
LIGAND BINDING POSES AND AFFINITY AND FOR SCREENING ENRICHMENT

By

Hossam M. Ashtawy

Molecular modeling has become an essential tool to assist in early stages of drug discovery and

development. Molecular docking, scoring, and virtual screening are three such modeling tasks

of particular importance in computer-aided drug discovery. They are used to computationally

simulate the interaction between small drug-like molecules, known as ligands, and a target protein

whose activity is to be altered. Scoring functions (SF) are typically employed to predict the binding

conformation (docking task), binary activity label (screening task), and binding affinity (scoring

task) of ligands against a critical protein in the disease’s pathway. In most molecular docking

software packages available today, a generic binding affinity-based (BA-based) SF is invoked for

the three tasks to solve three different, but related, prediction problems. The vast majority of these

predictive models are knowledge-based, empirical, or force-field scoring functions. The fourth

family of SFs that has gained popularity recently and showed potential of improved accuracy is

based on machine-learning (ML) approaches. Despite intense efforts in developing conventional

and current ML SFs, their limited predictive accuracies in these three tasks have been a major

roadblock toward cost-effective drug discovery. Therefore, in this work we present (i) novel task-

specific and multi-task SFs employing large ensembles of deep neural networks (NN) and other

state-of-the-art ML algorithms in conjunction with (ii) data-driven multi-perspective descriptors

(features) for accurate characterization of protein-ligand complexes (PLCs) extracted using our

Descriptor Data Bank (DDB) platform.

We assess the docking, screening, scoring, and ranking accuracies of the proposed task-specific

SFs with DDB descriptors as well as several conventional approaches in the context of the 2007 and

2014 PDBbind benchmark that encompasses a diverse set of high-quality PLCs. Our approaches

substantially outperform conventional SFs based on BA and single-perspective descriptors in all



tests. In terms of scoring accuracy, we find that the ensemble NN SFs, BsN-Score and BgN-Score,

have more than 34% better correlation (0.844 and 0.840 vs. 0.627) between predicted and mea-

sured BAs compared to that achieved by X-Score, a top performing conventional SF. We further

find that ensemble NN models surpass SFs based on other state-of-the-art ML algorithms. Similar

results have been obtained for the ranking task. Within clusters of PLCs with different ligands

bound to the same target protein, we find that the best ensemble NN SF is able to rank the ligands

correctly 64.6% of the time compared to 57.8% obtained by X-Score. A substantial improvement

in the docking task has also been achieved by our proposed docking-specific SFs. We find that

the docking NN SF, BsN-Dock, has a success rate of 95% in identifying poses that are within

2 Å RMSD from the native poses of 65 different protein families. This is in comparison to a

success rate of only 82% achieved by the best conventional SF, ChemPLP, employed in the com-

mercial docking software GOLD. As for the ability to distinguish active molecules from inactives,

our screening-specific SFs showed excellent improvements over the conventional approaches. The

proposed SF BsN-Screen achieved a screening enrichment factor of 33.90 as opposed to 19.54 ob-

tained from the best conventional SF, GlideScore, employed in the docking software Glide. For all

tasks, we observed that the proposed task-specific SFs benefit more than their conventional coun-

terparts from increases in the number of descriptors and training PLCs. They also perform better

on novel proteins that they were never trained on before. In addition to the three task-specific SFs,

we propose a novel multi-task deep neural network (MT-Net) that is trained on data from three

tasks to simultaneously predict binding poses, affinities, and activity labels. MT-Net is composed

of shared hidden layers for the three tasks to learn common features, task-specific hidden layers

for higher feature representation, and three outputs for the three tasks. We show that the per-

formance of MT-Net is superior to conventional SFs and competitive with other ML approaches.

Based on current results and potential improvements, we believe our proposed ideas will have a

transformative impact on the accuracy and outcomes of molecular docking and virtual screening.



To the memory of my uncle and role model, Hassan Abuhafa (1955-2015).
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CHAPTER 1

INTRODUCTION

1.1 Background

Protein-ligand binding affinity is the principal determinant of many vital processes, such as

cellular signaling, gene regulation, metabolism, and immunity, that depend upon proteins bind-

ing to some substrate molecule [1]. Consequently, it is extensively used in molecular docking for

rational drug design. Due to prohibitive costs and delays associated with experimental drug dis-

covery, academia and pharmaceutical and biotechnology companies rely on virtual screening using

computational molecular docking [2, 3, 4]. Typically, this involves docking tens of thousands to

millions of ligand candidates into a target protein receptor’s binding site and using a suitable scor-

ing function (SF) to evaluate the binding affinity of each candidate to identify the top candidates

and their poses as drug leads and then to perform lead optimization [3]; it is also used for target

identification [5]. Besides drug discovery, the bioactive molecules thus identified can be used as

chemical probes to investigate the biochemical role of a target of interest [6]. Molecular dock-

ing also has applications in many structural bioinformatics problems, such as protein structure

[7] and function prediction [8]. It has become attractive because of the ever-increasing number

of available receptor protein structures and putative ligand drug candidates in publicly-accessible

databases, such as Protein Data Bank (PDB) [9], PDBbind [10], Cambridge Structural Database

(CSD) [11], and corporate repositories.

Drug design involves two main steps: first, the enzyme, receptor, or other protein responsible

for a disease of interest is identified; second, a small molecule or ligand is found or designed that

will bind to the target protein, modulate its behavior, and provide therapeutic benefit to the patient.

Typically, high-throughput screening (HTS) facilities with automated devices and robots are used

to synthesize and screen ligands against a target protein. However, due to the large number of

ligands that need to be screened, HTS is not fast and cost-effective enough as a lead identification
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method in the initial phases of drug discovery [12]. Therefore, computational methods referred to

as virtual screening are employed to complement HTS by narrowing down the number of ligands

to be physically screened. In virtual screening, information such as structure and physicochemical

properties of a ligand, protein, or both, are used to estimate binding affinity (or binding free en-

ergy), which represents the strength of association between the ligand and its receptor protein at the

binding site. The most popular approach to predicting binding affinity (BA) in virtual screening is

structure-based in which physicochemical interactions between a ligand and receptor are deduced

from the 3D structures of both molecules. This in silico method is also known as protein-based

as opposed to the alternative approach, ligand-based, in which only ligands that are biochemically

similar to the ones known to bind to the target are screened. Since ligand-based screening does not

directly take information about the target into account, it may not as easily identify novel chemicals

as hits. Therefore, it is the method of choice when the 3D structure of the target is not available.

With the unprecedented growth in the number of available 3D structures of protein-ligand com-

plexes (PLCs) in the last decade, interest in the protein-based approach has increased. It is more

accurate than the ligand-based approach due to the inclusion of shape and volume information ex-

tracted from the protein’s 3D structure during the screening process [13, 14]. Figure 1.1 depicts a

simplified view of the drug design process that involves both techniques.

The focus of the dissertation will be on protein-based drug design, wherein ligands are placed

into the active site of the receptor during computational molecular docking. The 3D structure

of a ligand, when bound to a protein, is known as ligand active conformation. Binding mode

refers to the orientation of a ligand relative to the target and the protein-ligand conformation in the

bound state. A binding pose is simply a candidate binding mode. In molecular docking, a large

number of binding poses are generated and then evaluated using a scoring function (SF), which

is a mathematical or predictive model that produces a score representing the binding stability of

the pose. The outcome of the docking run, therefore, is a ligand’s top pose ranked according

to its predicted binding score as shown in Figure 1.2. As shown in the figure, the molecule’s

bioactivity against the target protein is determined in the following screening step. Typically,
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Figure 1.1: The drug design process.

these docking and screening steps are performed iteratively over a database containing thousands

to millions of ligand candidates. After predicting their binding modes and bioactivities, ranking

and scoring rounds are usually performed to rank ligands according to their predicted binding free

energies. The top-ranked ligand, considered the most promising drug candidate, is synthesized and

physically screened using HTS.

AIDS treatment provides a classic example of the promise of molecular docking. From the

identification of HIV protease (receptor protein), an enzyme critical in the HIV virus’ life cycle,

as a drug target in 1988, and the determination of its X-ray crystallographic structure in 1989, to
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early 1996, it took less than 8 years to have three FDA-approved protease inhibitor drugs (ligands)

on the market [15]. This contrasts sharply with the 10 to 15 years and hundreds of millions of

dollars it typically takes using the traditional trial-and-error drug development process. Figure 1.3

shows the cost and time associated with the main stages of drug discovery based on data collected

by PARAXEL several years ago [16].

1.2 Scoring function requirements

The most important steps in structure-based drug design are identifying the correct conforma-

tion of ligands at their respective binding sites, discriminating active ligands from those that do not

bind, predicting their binding affinities and using these scores to rank ligands against each other.

These core steps affect the outcome of the entire drug search campaign. That is because predic-

tions of scoring functions determine which binding orientation/conformation is deemed the best,

the ligand’s bio-activity, which ligand from a database is considered likely to be the most effective

drug, and the estimated absolute binding affinity. Correspondingly, four main capabilities that a

reliable scoring function should have are: (i) the ability to identify the correct binding mode of a

ligand from among a set of (computationally-generated) poses, (ii) the ability to identify whether a

ligand is active or not, (iii) the ability to produce binding scores that are (linearly) correlated to the

experimentally-determined binding affinities of protein-ligand complexes (PLCs) with known 3D
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structures, and, finally (iv) the ability to correctly rank a given set of ligands, with known binding

modes when bound to the same protein. These four performance attributes were referred to by

Cheng et al. as docking power, screening power, scoring power, and ranking power, respectively

[17]. We refer to the corresponding problems as ligand docking problem, ligand screening prob-

lem, ligand scoring problem, and ligand ranking problem and SFs used to solve the three problems

as ligand docking SF, ligand screening SF, ligand scoring SF, and ligand ranking SF, respectively.

We also refer to the corresponding proposed models as docking-specific SF, screening-specific SF,

scoring-specific SF, and ranking-specific SF, respectively. In practice and in all existing work, a

single SF is trained to predict protein-ligand BA and then used in all the ligand docking, screening,

and ranking stages to identify the top pose, bioactivity, and top ligand, respectively. Other require-

ments of SFs are that they should be fast enough for efficient virtual screening and be interpretable.
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It should be noted that the time taken to train SFs is not critical for high-throughput since it is per-

formed offline. Their prediction speed, however, is relevant for fast virtual screening applications.

Therefore, computationally-intensive approaches such molecular dynamics and Monte Carlo sim-

ulations are not suitable for virtual screening [17]. The task-specific ensemble machine learning

SFs we propose are very computationally efficient to apply, easily parallelizable on multi-cores,

and also have excellent descriptive and interpretive power [18].

1.3 Motivation: Limitations of existing scoring functions for accurate ligand
docking, screening, scoring, and ranking

Traditionally, the ligand docking, screening, scoring, and ranking steps depicted in Figure 1.2

are performed using the same SF built in the molecular modeling software package such as GOLD [19,

20] and Discovery Studio [21]. Such functions predict BA that is in turn used to rank-order hun-

dreds of generated poses (docking) for thousands to millions of different ligands (ranking) for a

certain target protein. We have collected scoring, ranking, docking, and screening performance of

seventeen conventional SFs used in academic and commercial molecular docking packages. This

set of SFs was evaluated on one of the most well-regarded benchmark datasets, viz. PDBbind core

test set Cr [10], which is derived from PDB and comprises 65 three-complex clusters correspond-

ing to diverse protein families and drug-like molecules.

Table 1.1 lists the scoring performance of the SFs in terms of Pearson correlation coefficient

between the predicted and true values of BA. Their standard deviation (SD) values from experi-

mental BA are listed in the second column. In the next columns, we show ranking power in terms

of R1-2-3, R1-3-2, and R1-X-X success rates. The docking power statistics are reported in the subse-

quent three columns in terms of the S1
1, S1

2, and S1
3 success rates. The last three columns list the

screening power in terms of the top 1%, 5%, and 10% enrichment factors. These scoring, ranking,

docking, and screening statistics as well as details of the SFs, protein-ligand complexes, and fea-

tures used are discussed in more detail in the following chapters, where we will see that the higher

these values are (except SD), the more accurate an SF is in terms of scoring, ranking, docking, and
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Table 1.1: Performance of conventional scoring functions in scoring, ranking, docking, and
screening the ligands of 65 different protein families

Scoring Functions Scoring Power Ranking Power (in %) Docking Power (in %) Screening Power (E.F.)

Rp SD R1-2-3 R1-3-2 R1-X-X S1
1 S1

2 S1
3 top 1% top 5% top 10%

X-Score::HMScore 0.644 1.83 54.7 15.6 70.3 51.3 68.5 78.0 5.1 2.3 1.5
DrugScoreCSD 0.569 1.96 51.6 21.9 73.4 62.8 74.3 81.4 2.6 1.4 1.6
SYBYL::ChemScore 0.555 1.98 46.9 25.0 71.9 40.5 60.1 71.4 5.3 2.4 2.2
DS::PLP1 0.545 2.00 54.7 15.6 70.3 64.9 75.3 84.2 6.9 4.3 3.0
GOLD::ASP 0.534 2.02 43.8 21.9 65.6 69.5 82.4 88.6 12.4 6.2 3.8
AffiScore 0.521 2.06 38.5 12.3 50.8 31.8 46.2 52.3 3.6 2.0 1.9
SYBYL::G-Score 0.492 2.08 46.9 25.0 71.9 25.2 41.5 56.3 1.9 1.3 1.4
DS::LUDI3 0.487 2.09 45.3 21.9 67.2 41.6 57.3 67.2 12.5 4.3 2.8
DS::LigScore2 0.464 2.12 35.9 25.0 60.9 53.9 71.5 80.4 15.9 6.2 4.1
GlidScore::XP 0.457 2.14 34.4 29.7 64.1 54.6 73.2 84.7 19.5 6.3 4.1
DS::PMF 0.445 2.14 40.6 18.8 59.4 32.4 43.7 53.4 4.9 2.2 2.6
GOLD::ChemScore 0.441 2.15 35.9 21.9 57.8 54.6 70.5 79.2 18.9 6.8 4.1
SYBYL::D-Score 0.392 2.19 46.9 20.3 67.2 15.3 30.8 47.6 2.3 1.8 1.6
DS::Jain 0.316 2.24 42.2 31.3 73.4 25.7 44.8 64.6 5.9 2.5 1.8
GOLD::GoldScore 0.295 2.29 23.4 26.6 50.0 51.7 69.0 80.9 7.8 4.5 3.2
SYBYL::PMF-Score 0.268 2.29 39.1 21.9 60.9 37.2 48.1 56.8 5.4 2.2 1.9
SYBYL::F-Score 0.216 2.35 29.7 25.0 54.7 54.6 64.4 73.8 1.9 1.3 1.4

Numbers highlighted in bold correspond to the top performing scoring function in each of the
three performance metrics: scoring power (Rp), ranking power (R1-2-3), docking power (S1

1%),
and screening power (E.F.1%). Scoring functions are evaluated on the core set of PDBbind
2007 to estimate their scoring, ranking, and docking performance. The screening accuracy is
obtained by testing scoring functions on the core set of PDBbind 2014. More details about
these two benchmarks are provided in Section 2.1.

screening performance.

The numbers indicate that the predictions of almost all SFs have mediocre to weak correlation

with true binding affinity values. This trend translates to poor scoring power for all SFs except

X-Score whose predictions seem to show moderate linear correlation with experimental values.

However, due to uncertainties associated in BA prediction, a relatively higher scoring power of

an SF at this correlation level (0.644) does not necessarily lead to corresponding improvements in

ranking, docking, and screening performances. This is evident from Table 1.1. The top performing

SF, X-Score, has a relatively better BA prediction accuracy (Rp = 0.644), but fails to identify poses

that are within 1 Å from the native one for almost 49% of the proteins. Its ranking performance

is also low where only 55% of protein families had their ligands ranked correctly. A similar

mediocre accuracy was also obtained for X-Score when its screening performance was evaluated.

The table shows that this empirical SF achieved an enrichment factor of 5.1 when an ideal SF
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could result in up to 66 of enrichment to the database on which we tested it. The best performing

scoring function in correctly classifying ligands as actives or inactives, GlideScore::XP, is not even

among the top ten in scoring performance. Similarly, the most accurate SF in terms of docking

power, GOLD::ASP, comes only fifth in scoring and eighth in ranking performance. SF design

for solving the ligand scoring, ranking, docking, and screening problems has been investigated for

over two decades now [17], but according to the 2007 PDBbind benchmark, the best conventional

SF technique has a scoring power of only 0.644 (in terms of Rp), whereas our proposed boosted

NN SF attains a much higher scoring power of 0.816, which is a significant result as we will see in

Chapter 4. Furthermore, our top ML SF has the best ranking power of R1-2-3 = 64.3 vs. 54.7 for the

best conventional SF. In terms of docking and screening power, however, the proposed scoring ML

SFs lag behind conventional ones. Thus, as we will see later, using BA-based ML SFs has clearly

worked well for scoring in both relative (to conventional SFs) and absolute terms, has worked in

relative terms in the case of ranking power, but not so in absolute terms, and has worked in neither

absolute nor relative terms in the case of docking nor screening power. Therefore, ligand scoring

SF design that is BA based is clearly not sufficient to solve the ligand docking and screening

problems.

Note that in SBDD all four of the problems, ligand scoring, docking, screening, and rank-

ing, are critical to solve well. Solving ligand scoring and ranking well, but not the docking and

screening problems well will lead to ineffective virtual screening—this is what we noticed from

the results above. Solving the ligand docking, screening, and ranking problems well will lead

to effective relative screening of ligands, but if ligand scoring is not done properly, there will be

uncertainty in the binding affinity (and hence stability) of the identified ligand(s). The proposed

research seeks to address the ligand docking, screening, scoring, and ranking problems using com-

pletely novel approaches whose performance on multiple tests is promising and show potential for

transformative impact.
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1.4 Key contributions

To address the ligand docking, screening, scoring, and ranking problems, we propose several

innovative and potentially transformative concepts to advance the state-of-the-art in SF design for

these problems in the following two directions:

• Descriptor Data Bank (DDB): A platform for multi-perspective modeling of protein-

ligand interactions. Protein-ligand (PL) interactions are essential biochemical processes

for all living organisms. They play a key role in molecular recognition, molecular bind-

ing, signal transmission, and cell metabolism, to name a few. Accurate modeling of such

interactions remains an unsolved challenge despite advances in molecular biology and the

growing number of solved protein-ligand structures. Decades of efforts have been devoted

to understand these intermolecular forces in the context of protein-based drug design. Such

efforts have resulted in a large number of hypotheses and perspectives of interaction factors

scattered in the literature that would have substantially improved binding affinity prediction

accuracy of protein-ligand complexes had they been utilized collectively. Typically, only

a small subset of hypotheses for few interactions are utilized as descriptors in a scoring

function (SF) without making use of existing solutions that may complement the proposed

perspectives of the modeled intermolecular forces. In this work, we present Descriptor Data

Bank (DDB), an online platform for facilitating multi-perspective modeling of PL interac-

tions. DDB is an open-access hub for depositing, hosting, executing, and sharing descriptor

extraction tools and data for a large number of interaction modeling hypotheses. The plat-

form also implements a machine-learning (ML) toolbox for automatic descriptor filtering &

analysis, and SF fitting & prediction. To enable local access to many of DDB’s utilities, a

command-line-based program and a PyMOL plug-in have also been developed and can be

freely downloaded for offline and standalone multi-perspective modeling. We seed DDB

with 16 diverse descriptor extraction tools developed in-house and collected from the liter-

ature. The tools combined generate over 2700 descriptors that characterize (i) proteins, (ii)
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ligands, and (iii) protein-ligand complexes. The in-house descriptors we extract are protein-

specific which are based on pair-wise primary and tertiary alignment of protein structures

followed by clustering and triangulation. We built and used DDB’s ML library to fit SFs

to the in-house descriptors and those collected from the literature. We then evaluated them

on several data sets that were constructed to reflect real-world drug screening scenarios. We

found that multi-perspective SFs that were constructed using large and diverse number of

DDB interaction models (descriptors) outperformed their single-perspective counterparts in

all evaluation scenarios with an average improvement of more than 15%. We also found

that our proposed target-specific descriptors improve upon the accuracy of SFs that were

trained without them. In addition, DDB’s filtering module was able to exclude noisy and

irrelevant descriptors when artificial noise was added as new features. We also observed that

the tree-based ensemble ML SFs implemented in DDB are robust even with the presence of

noisy and decoy descriptors. In Chapter 3, we describe DDB in more detail and in the fol-

lowing chapters we provide results that demonstrate the excellent utility of multi-perspective

interaction modeling.

• Task-specific scoring functions: Conventional empirical SFs rest on the hypothesis that

a linear regression model is capable of computing binding affinity from a set of molecular

descriptors. Additionally, these BA-based regression SFs can be used for ligand scoring

(with a lot of room for improvement), but they are not suited for ligand docking, screening,

and ranking (as we saw earlier in Sec. 1.3). To address this, we propose three task-specific

approaches to SF design: (1) nonparameteric models capable of learning the underlying

unknown function of protein-ligand binding from the data itself with minimal assumptions

about the data distribution. We will show in Chapter 4 the excellent accuracy of such mod-

els in ligand scoring and ranking problems. (2) A docking SF that performs RMSD-based

regression, where RMSD captures how close a given ligand binding pose is to the native

pose, and enables us to leverage 3D structure data about all poses, native and non-native,

instead of just the native pose as in the case of BA-based docking SFs. It also does not rely
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on BA values which have inherent experimental measurement noise. Pose prediction results

provided in Chapter 5 show how this makes a significant difference in docking performance.

A further enhancement considers both RMSD and BA in SF design. (3) A screening SF that

performs classification to discriminate between active and inactive ligands instead of BA-

based regression in conventional SFs that make use of data only about active ligands. This

family of screening SFs are presented in Chapter 6 along with preliminary results showing

excellent accuracy in enriching databases of large numbers of ligands for a diverse set of

protein families.

• Multi-task scoring functions: In addition to the three task-specific models, we also pro-

pose a novel multi-task scoring function for simultaneously predicting ligand binding pose,

its activity classification label (active/inactive), and its binding affinity with a target protein.

The scoring function, MT-Net, is based on wide and deep multi-task neural network with

(i) general hidden layers shared among the three tasks to learn higher-level physiochemical

features important for the three tasks, (ii) three specialized sets of hidden layers to learn fea-

tures for each task separately and simultaneously in parallel, and (iii) three corresponding

output layers for binding mode prediction (docking), ligand activity prediction (screening),

and binding affinity prediction (scoring). When fitted to our current training sets, MT-Net

performed equally well when compared to single-task neural network SF on out-of-sample

test sets carefully designed to evaluate screening, docking, and scoring accuracy. Due to

their high-capacity, we anticipate the accuracy of scoring functions based on multi-task deep

networks to improve beyond those based on single-task NNs when larger and more diverse

datasets are used for training. Currently, we are developing a pipeline for automated data re-

trieval from biochemical databases to continuously train the network on new protein-ligand

complexes and screening assays as they become available. Details about the network’s ar-

chitecture and its training algorithm are provided in Chapter 7.
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In Chapter 8, we summarize the findings of our work and discuss our future work that we

believe will lead to further improvements in the performance of the proposed scoring functions.
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CHAPTER 2

MATERIALS AND METHODS

In this chapter, we discuss the materials and methods used to build and evaluate the scoring func-

tions proposed in the following chapters. First, we will describe their main training and test com-

plexes. Then, we will present the machine-learning methods that we use as basis for the proposed

scoring functions and re-construct those published in the literature. We will explain the mathemat-

ical models behind these prediction algorithms and the software packages that implement them.

Finally, we will discuss several conventional scoring functions that will be compared against the

machine-learning models considered in this work.

2.1 Main training and test protein-ligand complexes

We use the molecular database PDBBind [22, 23] for building and testing task-specific scoring

functions on protein-ligand complexes characterized by the proposed multi-perspective descriptors

from DDB. PDBbind is a selective compilation of the Protein Data Bank (PDB) database [9]. Both

databases are publicly accessible and regularly updated. The PDB is periodically mined and only

complexes that are suitable for drug discovery are filtered into the PDBbind database. We used the

2007 version of PDBbind during the early stages of this work to build and evaluate several novel

machine-learning scoring functions. PDBbind 2007 contains a refined set of 1300 protein-ligand

complexes with high-resolution 3D structures and binding affinity data. The curators of PDBBind

partitioned the refined set into training and test sets as described in more detail in Section 2.1.1. We

also considered the 2014 release of PDBbind to build more accurate versions of our boosted and

bagged neural network scoring functions which utilize larger number of descriptors extracted using

Descriptor Data Bank (DDB). The refined set of PDBbind 2014 contains 3446 high-quality protein-

ligand complexes with experimental binding affinity data collected from the literature. From this

set of complexes, we design three training-test sampling strategies to control the overlap in protein

family between training and test data sets. The objective of such strategies is to estimate the
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generalization ability of scoring functions on familiar proteins represented in their training data or

novel targets that were not encountered before.

2.1.1 PDBbind core test set: novel complexes with known protein targets

From the protein-ligand complexes in the refined set of PDBbind (version 2007 and 2014), the

curators of the database built a test set with maximum diversity in terms of protein families and

binding affinies. The test set was constructed as follows. (i) The refined set was first clustered

based on the 90% primary-strucutre similarity of its protein families. (ii) Clusters with four (five

for the 2014 version) proteins or more are then examined based on their ligands’ binding affinity

values. From each of these PLC clusters, three complexes are marked. The PLC whose ligand has

the lowest BA, the one with the largest BA, and the one closest to the mean BA of that cluster.

(iii) The three PLCs are added to the test set if the marked complexes with the largest and lowest

BA values are at least 2 orders of magnitude apart in terms of disassociation Kd or inhibition Ki

constants. This resulted in the selection of 65 different protein families where each protein family

binds to three different ligands with varying BA values to form a set of 195 unique PLCs. This

is called the core test set and has been a popular benchmarking test set for many recent docking

and scoring systems [17, 24, 25, 26, 27]. Due to its popularity, the 2015 and 2016 core sets have

been kept identical to their predecessor in PDBbind 2014 so that results of different studies can be

compared. In addition to the core test set of PDBbind 2007, we too consider the 2014/2015/2016

version of the core test set Cr in our evaluation of the proposed SFs. The corresponding training

set for Cr, referred to as the primary training set and denoted by Pr, was formed by removing all

Cr complexes from the total 1300 and 3446 complexes in the refined sets of PDBbind 2007 and

2014, respectively. As a result, Pr contains (1300 - 195 =) 1105 and (3446-195 =) 3251 complexes

that are disjoint from Cr complexes. In our experiments on PDBbind 2014 we fixed the base

sizes of training and test sets to 3000 and 195 PLCs, respectively. The 3000 PLCs are randomly

sampled from the 3251 set to help evaluate the variance of ML SFs. In subsequent chapters, we

present results for two sets of our task-specific scoring functions. One set of models are trained and
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evaluated on complexes from the primary and core test sets of PDBbind 2007. The second set uses

the 2014 PDBbind primary training and core test set complexes for construction and validation.

This set of SFs are also evaluated based on cross-validation and leave clusters out as described

in the next two sections. Scoring functions based on PDBbind 2007 were not evaluated using

cross-validation and leave-clusters-out since the models were published before we developed these

additional benchmarking strategies.

The core test set complexes are considered known targets to scoring functions due to the overlap

between their training and test proteins. More specifically, for each protein in the 65 protein

clusters of Cr, there is at least one identical protein present in the primary Pr training data, albeit

bound to a different ligand.

2.1.2 Multi-fold cross-validation: novel complexes with known and novel protein targets

Although the training Pr and test Cr sets are disjoint at the protein-ligand complex level, they

overlap at the protein family level. As mentioned above, each of the three PLC clusters in Cr were

sampled from larger (≥ 5) protein-family clusters in the refined set and the remaining two or more

PLCs are now part of Pr. More stringent test sets were also developed in terms of the protein-family

overlap with training sets. One testing technique is based on 10-fold cross-validation (CV) where

the refined set of PDBbind 2014 is shuffled randomly and then partitioned into 10 non-overlapping

sets of equal size. Upon training and validation, one out of the ten sets is used for testing and the

remaining nine are combined for training. Once the training and test completes for this fold, the

same process is repeated for the other nine folds one at a time. In a typical 10-fold CV experiment

on a dataset of 3446 PLCs, the training and test sizes of the 10 folds are (3446×9/10∼) 3101 and

(3446×1/10 ∼) 345 complexes, respectively. In order to neutralize the dataset size effect on our

results and have similar sizes to Pr and Cr, we sample 3000 from the 3101 training complexes and

195 PLCs from the corresponding 345 complexes in each fold. The performance results on the 10

test folds are then averaged and reported in the Results section.

Unlike the overlap in Cr, due to the randomness of CV, every protein family is not necessarily
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present in both the training and test sets across the ten folds. Therefore, some test proteins are

actually novel for the scoring function while others may be present in the training data. If it is

present, the protein will be bound to a different ligand in the training set.

2.1.3 Leave clusters out: novel complexes with novel protein targets

Our third approach to constructing the training and test datasets is based on the novel-targets ex-

periment by Ashtawy and Mahapatra [28] and leave-one-cluster-out (LOCO) by Kramer et al. [29].

In this approach, the refined set complexes are partitioned based on the protein’s primary-structure

similarity such that the training and test partitions have zero overlap in protein families. More

specifically, datasets were constructed as follows. The 3446 PLCs of the refined set were clustered

based on the 90% similarity cut-off of the proteins’ primary structures. A total of 1135 clusters

were found, of which the largest five are: HIV protease (262 PLCs), carbonic anhydrase (170

PLCs), trypsin (98 PLCs), thrombin (79 PLCs), and factor XA (56 PLCs). There are 9 clusters

with size 30 PLCs or larger including the aforementioned five, 43 of size 10 or larger, and 1092

clusters with size less than 10 PLCs, the majority of which (644 clusters) consist of a single PLC.

We created 20 different training-test dataset pairs based on this distribution of protein families.

For the nine most frequent protein families (with ≥ 30 PLCs), we created nine corresponding test

sets each consists of a single family. For each family-specific test set of these nine, we sampled

3000 PLCs from the refined set none of which contains the protein family under test. From the

less populous clusters (i.e., those with < 30 PLCs), we randomly sampled eleven 195-PLC test

datasets. These test sets could contain complexes from (1135 - 9 =) 1126 different protein families

mostly singles (i.e., protein families that occur in one complex only). For each multi-family test set

of these eleven, we again sampled another 3000 random PLCs from the refined set none of which

contains the protein families under test. The justification for selecting these particular number of

datasets and sizes is two-fold. First, we wanted about half of the mean performance on these test

sets to result from the single-family test sets and the other half from the multi-family sets. Second,

taking the average of a larger number of test sets with reasonable sizes reduces the possibility of
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skewing the final performance due to potential outliers that could be obtained on few small test

sets.

Test proteins are considered novel here due to the imposed sequence similarity constraint be-

tween them and training proteins which must be less than 90%. Therefore, all test proteins in a

test cluster are considered novel for scoring functions fitted to training proteins sampled using the

LCO strategy.

2.2 Machine learning algorithms

We utilize several regression and classification techniques in this work: multiple linear regres-

sion (MLR), multivariate adaptive regression splines (MARS), k-nearest neighbors (kNN), support

vector machines (SVM), deep neural networks (DNN), random forests (RF), boosted regression

trees (BRT), and extreme gradient boosting trees (XGB). These methods benefit from some form

of parameter tuning prior to their use in prediction. We optimized these parameter values by

performing a grid search over a suitable range in conjunction with 10-fold cross-validation over

complexes independent from the test examples that we use in the following chapters. For every

machine-learning method, we will be using these optimal values to build ML SFs in the subsequent

chapters. Next, we provide a brief description of the theory of these algorithms.

2.2.1 Multiple linear regression (MLR)

Multiple linear regression (MLR) model is built based on the assumption that there exists a linear

function that relates a set of explanatory variables X (descriptors characterizing protein-ligand

complexes) and the response variable Y . This linear relationship has the form:

Ŷ = f (X) = β0 +
P

∑
j=1

β jX j. (2.1)

The coefficients β0, . . . ,βP are estimated from training data by minimizing a loss function,

such as the sum of squared errors (referred to as the method of least squares), that measures the

overall deviations of fitted values from experimentally-observed ones. Despite the fact that MLR
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models are simple to construct and fast in prediction, they tend to suffer from overfitting when

tackling high-dimensional data (i.e., datasets with larger values of P/N, where P is the number of

features and N is the number of training records) [30]. Moreover, these models have a relatively

large bias error due to their rigidity. For large data sets with few dimensions, MLR models are also

prone to underfitting the data. The reason for developing simple linear models in this study is two-

fold. First, they are useful in estimating the behavior of conventional empirical scoring functions.

Second, they serve as baseline benchmarks for the nonlinear regression models we investigate. In

our first set of experiments on PDBbind 2007 we use the built-in R language package stats to fit

MLR models by invoking the function “lm” implemented therein [31]. For the second set of results

collected on PDBbind 2014, we fit MLR models using the class “LinearRegression” implemented

in the Python library Scikit-learn [32].

2.2.2 Multivariate adaptive regression splines (MARS)

MARS is an extension of MLR that can model nonlinearity in the data and account for interactions

between related features [33]. Nonlinearity is modeled by partitioning the feature space into S

regions, each of which is fitted by a nonlinear term known as a basis function. The MARS model

is a weighed sum of an intercept (which is the mean of the response values in the training data)

and the S basis functions. Every basis function is the product of one or more hinge functions that

are generated in pairs from the training data. Each pair is characterized by an input variable X j

and a knot variable k. The knot variable acts as a pivot around which the hinge function produces

a positive value on one side and zero on the other side. More formally, a hinge function takes the

form:
h(X j,k)+ = max(0,X j− k)

or

h(X j,k)− = max(0,k−X j).

(2.2)

The + (or −) sign in the subscript denotes that the function has the value X j− k (or k−X j) to

the right (or left) of the knot and 0 to its left (or right). The MARS algorithm we use adaptively
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determines both the number of knots and their values from the training data. It also employs the

method of least-squares to optimize the weights βi’s in the final MARS model which can be written

as:

Ŷ = f (X) = β0 +
S

∑
i=1

βiHi(X), (2.3)

where Ŷ is the estimated biological activity for the complex X and Hi is the i-th basis function

which is a product of up to d hinge functions; the degree parameter d models interaction between

up to d features that appear in the basis functions.

During the training phase of a MARS model, a greedy search is performed in both forward

(terms added) and backward (terms eliminated) passes. In the forward pass, the MARS algorithm

first builds a complex model consisting of a large number of terms. To prevent the model from

overfitting, this step is followed by a pruning round where several terms are dropped. An iter-

ative backward elimination procedure based on generalized cross-validation (GCV) is typically

performed to determine which terms are to be removed. Terms that have the least effect in increas-

ing the model’s residual sum of squares are dropped. Additionally, models with large number of

terms and higher degree are penalized according to a penalty criterion. The penalty criterion and

the maximum degree of MARS terms are user-defined parameters. A grid search using 10-fold

cross validation has been conducted to tune these parameters. The R language package earth was

used to construct our MARS models on complexes from PDBbind 2007 [34]. To avoid clutter and

permit easier interpretation of the results obtained by other scoring functions, we do not report re-

sults of MARS models on the 2014 release of PDBbind. However, our experiments show that their

performance are better than MARS scoring functions based on PDBbind 2007 due to the larger

size of training data in PDBbind 2014 and the use of multi-perspective descriptors from DDB. The

Python library Py-earth was used to conduct the (unreported) experiments of MARS models on

PDBbind 2014 [35].
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2.2.3 k-nearest neighbors (kNN)

An intuitive approach to predicting a certain biological property (e.g. binding affinity) of a protein-

ligand complex is to search the training database for a similar protein-ligand complex and output

the value of its response variable as an estimation for the complex in question. The most similar

complex is referred to as the nearest neighbor of the protein-ligand compound whose biological

property we are attempting to predict. This simple algorithm is usually augmented to take into

account the biological property values of the k nearest neighbors, instead of just the nearest one.

In the kNN algorithm we use here, each neighbor contributes to the final estimated property by an

amount that is inversely proportional to its Minkowski distance from the target complex [36]. The

Minkowski distance between two complexes Xi and X j is defined as:

D(Xi,X j) =

(
P

∑
p=1
|xi,p− x j,p|q

)1/q

. (2.4)

These distances are then normalized and transformed with an arbitrary kernel function K(.) into

weights. The final weighted kNN model is formulated as:

Ŷ = f (X) =
k

∑
i=1

(K(D(X ,Xi)) ·Yi), (2.5)

where X and Xi are the target and the i-th neighbor complexes, respectively, characterized by P

features, and Yi is the experimental biological property of the i-th neighbor. In this work, we apply

the optimal kernel formulated by Samworth in [37] to weight the neighbors according to their

Minkowski distances D defined in Equation 2.4. The parameter q in Equation 2.4 determines the

distance function to be calculated. Manhattan distance is obtained when q = 1, whereas Euclidean

distance is realized when q is set to 2. A grid search using 10-fold cross validation has been applied

to find optimal values of the number of neighbors k and the distance parameter q.

The R language package kknn was used to construct our kNN models on complexes from PDB-

bind 2007 [38]. To avoid clutter and permit easier interpretation of the results obtained by other

scoring functions, we do not report results of kNN models on the 2014 release of PDBbind. How-

ever, our experiments show that their performance are better than kNN scoring functions based
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on PDBbind 2007 due to the larger size of training data in PDBbind 2014 and the use of multi-

perspective descriptors from DDB. In the unreported experiments on PDBbind 2014, we build our

kNN regressors and classifiers using the classes “KNeighborsRegressor” and “KNeighborsClassi-

fier” implemented in the Python library Scikit-learn [32].

2.2.4 Support vector machines (SVM)

Support Vector Machines is a supervised learning technique developed by Vapnic et al. to solve

classification and regression problems [39]. The first step in constructing an SVM model is typi-

cally to transform the input data to a higher dimensional space using a nonlinear mapping function

known as the kernel function [40]. After mapping to the new feature space, a linear model f (X) is

constructed. In regression formulation, the SVM algorithm induces from the training data an opti-

mal hyperplane defined by a vector w and a bias term b that approximates the underlying unknown

relationship between a set of physicochemical descriptors (X) and the protein-ligand interaction of

interest (Y ). The linear model f (X) can be written more formally as:

Ŷ = f (X) = 〈w,G(X)〉+b, (2.6)

where 〈·, ·〉 denotes the dot product between w and the output of the kernel function G(X), which is

then added to the model’s bias b. The norm of w is minimized to ensure a small w in order for the

model to be as “flat” as possible so that it generalizes well to previously unseen data. At the same

time, the model should fit the training data well by not allowing its predictions to deviate more

than ε from true values. This is achieved by minimizing the ε-insensitive loss function which is

defined as:

Lε(X) = max(0, |Y − f (X)|− ε). (2.7)

This loss function defines a region such that data points lying outside of it are penalized. The

penalty is introduced by the slack variables ζ and ζ ∗. The SVM training process can therefore be

formulated as the following optimization problem:
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minimize ‖w‖2
2 +C ∑

N
i=1 (ζi +ζ ∗i )

subject to


yi−〈w,G(Xi)〉−b ≤ ε +ζi

〈w,G(Xi)〉+b− yi ≤ ε +ζ ∗i

ζi,ζ
∗
i ≥ 0,

(2.8)

where C > 0 is a user-defined variable that can be employed to regularize against overfitting. The

parameter serves as a trade-off between model complexity and its flatness by scaling up or down

the penalty imposed on examples whose deviations are larger than ε . Equation 2.8 can be solved

more easily by applying quadratic programming on its dual formulation as follows:

max
α,α∗

(w(α,α∗)) = max
α,α∗

( N

∑
i=1

(α∗i (yi− ε)−αi(yi + ε))

−1
2

N

∑
i=1

N

∑
j=1

(
(α∗i −αi)(α

∗
j −α j)K(Xi,X j)

))
,

(2.9)

where αi and α∗i are the standard Lagrange multipliers that can be obtained by solving Equation 2.9

under the constraints:

∑
N
i=1 (αi−α∗i ) = 0

and

αi,α
∗
i = [0,C].

(2.10)

After obtaining the Lagrange multipliers we can calculate the terms of Equation 2.6 as follows:

〈w,G(X)〉= ∑
N
i=1
((

αi−α∗i
)

K(X ,Xi)
)

and

b =−1
2 ∑

N
i=1
((

αi−α∗i
)
(K(Xi,Xr)+K(Xi,Xs))

)
,

(2.11)

where K(X , X̃) is the kernel function G. We choose K to be the radial basis function (RBF) that is

calculated as:

K(X , X̃) = e
‖X−X̃‖2

2σ2 , (2.12)
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where σ is the kernel width. The data points Xr and Xs in Equation 2.11 are any arbitrary support

vectors located on both sides of the margin. Support vectors are data instances located outside the

ε-insensitive region, and as this region gets wider (i.e., larger ε value), fewer support vectors are

obtained and the model becomes flatter. The three parameters of the SVM model, namely C, ε ,

and σ , are optimized via a grid search using a 10-fold cross validation.

The R language package e1071 was used to construct our SVM models on complexes from

PDBbind 2007 [41]. To avoid clutter and permit easier interpretation of the results obtained by

other scoring functions, we do not report results of SVM models on the 2014 release of PDBbind.

However, our experiments show that their performance are better than SVM scoring functions

based on PDBbind 2007 due to the larger size of training data in PDBbind 2014 and the use of

multi-perspective descriptors from DDB. In the unreported experiments on PDBbind 2014, we

build our SVM regressors and classifiers using the classes “SVR” and “SVC” implemented in the

Python library Scikit-learn [32].

2.2.5 Deep Neural Networks (DNN)

Artificial Neural Networks are computational algorithms inspired from networks of biological neu-

rons to solve prediction problems in computer vision, natural language processing, drug discovery,

etc. The neural network we fit here consists of an input layer for the raw descriptors X1, L hidden

layers for extracting higher-level representations for the molecular interactions and forces, and an

output layer for prediction as depicted in Figure 2.1.

Upon prediction, new representation of the raw descriptors are first extracted from the hidden

layers as follows:

Xl+1 = H(WlXl +Bl), l = 1, . . . ,L (2.13)

where Wl and Bl are respectively the weight matrix and bias for the l-th hidden layer, and H is

the activation function associated with it which is selected to be a rectified linear unit (ReLu) in

this work. The final output of the network is simply the following transformations for the features
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Figure 2.1: A deep neural network for predicting the binding affinity of protein-ligand complexes
characterized by a set of descriptors.

XL+1 generated by the L-th hidden layer:

Ŷ = O(WoXL+1 +Bo), (2.14)

where O is the output function which is logistic for the screening problem and linear for docking

and scoring. The weights of the network were learned from the training data using stochastic

gradient descent.

In our first set of experiments on PDBbind 2007, we use the R language package nnet to fit

boosted and bagged ensembles of one-hidden-layer NN models [42]. For the second set of results

collected on PDBbind 2014, we fit deeper and wider ensemble NN models based on the classes

“DNNRegressor” and “DNNClassifier” implemented in the Python library TensorFlow [43].

2.2.6 Random forests (RF)

A Random Forests model consists of an ensemble of prediction trees that are typically on the

order of several hundred to few thousand [44]. Each tree is fitted to bootstrap data consisting of N

samples chosen randomly with replacement from N training samples. When a tree is constructed,

at each node a binary split is made on the “best” descriptor out of mtry features randomly sampled

from the P-dimensional feature space (mtry ≤ P). Each tree is grown independently to its full size
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without pruning. When the task is to score a new protein-ligand complex, the output is computed as

the average of the predictions of the comprising individual trees. This mechanism can be formally

expressed as:

Ŷ = F(X) =
1
T

T

∑
t=1

ft(X) =
1
T

T

∑
t=1

Ŷ (t), (2.15)

where X is a protein-ligand complex whose biological property needs to be predicted, T is the

number of generated trees, and ft is the t-th tree in the ensemble. Upon building an RF model,

the parameter that typically requires tuning is mtry. We choose the optimal value that minimizes

the out-of-bag mean squared error (OOBMSE). Out-of-bag (OOB) refers to complexes that are

not sampled from the original training set when bootstrap sets are drawn. On average, about 34%

of the training set is left out in each tree-generating iteration. These out-of-sample examples are

typically utilized to tune mtry and estimate the generalization error of the RF model as follows:

OOBMSE =
1
N

N

∑
i=1

(
yi− ¯̂yOOB

i

)2
, (2.16)

where ¯̂yOOB
i is the average of the predictions for the i-th complex over all the trees in which it is

out of bag.

In our first set of experiments on PDBbind 2007, we use the R language package randomForest

to fit Random Forest scoring functions [45]. For the second set of results collected on PDBbind

2014, we fit Random Forest regressors and classifiers using the classes “RandomForestRegressor”

and “RandomForestClassifier” implemented in the Python library Scikit-learn [32].

2.2.7 Boosted regression trees (BRT)

BRT is an ensemble machine-learning technique based on a stage-wise fitting of regression trees.

As the name implies, the technique attempts to minimize the overall loss by boosting the examples

with the highest predicted errors, i.e., by fitting regression trees to residuals resulting from the

existing ensemble trees. There are several different implementations of the boosting concept in the

literature. The differences mainly arise from the employed loss function and treatment of the most

erroneous predictions. In this work, we employ the stochastic gradient boosting strategy proposed
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by Friedman [46] that builds on an earlier technique known as AdaBoost developed by Freund et

al. [47]. The employed BRT approach builds a stage-wise model as listed in Algorithm 1 below.

Algorithm 1 BRT algorithm

1: Input: training data D = {Xi,yi}Ni=1
2: Start with an initial guess (e.g., the mean of y):

F(X) = f0(X) = arg min
θ

∑
N
i=1 ψ(yi,θ)

3: for t = 1 to T do
4: Sample D without replacement (SWOR):{

X(t)
i ,y(t)i

}Ñ

i=1
= SWOR(D, 50%) (i.e., Ñ = N/2)

5: Calculate current residuals:{
ŷ(t)i

}Ñ

i=1
=
{

y(t)i −Ft−1(X
(t)
i )
}Ñ

i=1

6: Construct a new training set: D(t) =
{

X(t)
i , ŷ(t)i

}Ñ

i=1

7: Fit an S-terminal-node tree model ft to D(t): ft = {R
(t)
s }Ss=1

8: Find the optimal values ({θ (t)
s }Ss=1) of the S regions of ft ({R(t)

s }Ss=1) that minimize the

loss function ψ: θ
(t)
s = arg min

θ

∑
X(t)

i ∈R(t)s
ψ(yt

i,Ft−1(X
(t)
i )+ ft(X

(t)
i ,θ))

9: Add the tree ft to the model F(X): Ft(X) = Ft−1(X)+λ ft(X ,θ (t))
10: end for

Step 2 of Algorithm 1 shows that the first term in the model is a simple learner that minimizes

the overall loss function ψ . Given the loss criterion ψ we use here is a least-squares function, the

outcome of this step is basically the mean value of the biological activities of interest (yi) of the

complexes in the training set D. In each subsequent stage t, a tree ft is fitted to the residuals Ŷ (t)

obtained by applying the model Ft−1(X) on a random subset of the training data D(t) (Steps 4-7).

Split variables and values of the internal nodes of the tree ft are decided from the current residuals

Ŷ (t). In contrast, the constant values θ (t) at the S disjoint terminal regions R(t) (i.e., leaves) are

optimized so that they minimize the loss of the entire model. Generation of trees continues as long

as their number does not exceed a predefined limit T . At the end of each tree-generating iteration,

the BRT model is updated according to the formula in Step 9. A tree joins the ensemble with a

shrunk version of itself. The variable that controls its contribution to the final model is known

as the shrinkage or learning rate λ . The smaller the value of the learning rate, the smoother the
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building process of a BRT model. It is safer to move slowly down the gradient given the fact

that boosting is a form of functional gradient descent. However, the reduction in the learning

rate should be compensated by increasing the number of fitted trees by almost the same factor to

achieve a comparable level of performance. In our experiments, we fixed the shrinkage at 0.005

and determined the corresponding optimal number of trees using cross-validation.

The R language package gbm was used to construct our BRT models on complexes from PDB-

bind 2007 [48]. Since we primarily use Python language to conduct our experiments on PDBBind

2014 datasets, a choice had to be made between the Python libraries Scikit-learn and XGboost to fit

BRT models. Scikit-learn provides the classes ensemble.GradientBoostingRegressor and ensem-

ble.GradientBoostingClassifier while XGBoost implements XGBRegressor and XGBClassifier to

fit boosted regression and classification trees. The accuracies of models trained using Scikit-learn

and XGboost algorithms are more or less identical according to several experiments we conducted

on the 2014 version of PDBBind. However, the run time of our experiments are noticeably shorter

using XGBoost training algorithms. Therefore, we choose it over Scikit-learn’s API to build sev-

eral scoring functions in the following chapters. XGBoost builds a faster variant of boosted deci-

sion trees based on a more recent training algorithm developed by Chen et al. [49]. More details

about XGBoost are provided in the following section.

2.2.8 Extreme Gradient Boosting (XGB)

In addition to BRT, we fit a faster variant of boosted trees scoring functions to PDBbind 2014

protein-ligand complexes using the Extreme Gradient Boosting algorithm [49]. Similar to BRT

scoring functions discussed in the previous section, the XGB model consists of an ensemble of T

trees whose individual outputs make up the final predicted score ŷ according to the equation:

Ŷ = F(X) =
T

∑
t=1

ft(X),

where X ∈ RP is a protein-ligand complex characterized by P molecular descriptors, and ft is the

t-th tree in the ensemble. The trees in XGB are also grown sequentially one after the other in
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a greedy fashion. In each tree-fitting step, the training algorithm minimizes the overall loss by

boosting the examples with the highest predicted error so far. Each tree in the ensemble is fitted to

residuals made by its predecessor trees. The training algorithm implements a regularized stochastic

gradient boosting strategy proposed by Chen et al. [49] similar to BRT’s algorithm described in

the previous section. More specifically, the t-th tree in the ensemble is constructed to minimize the

regularized loss L(t) as follows:

L(t) =
N

∑
i=1

ψ(yi, ŷ
(t−1)
i + ft(Xi))+Ω( ft),

where ψ is the loss function that accounts for the error between the true output yi and its estimated

value by the current ( ft) and past (ŷ(t−1)
i ) trees in the ensemble. The regularization term Ω uses

the size of the tree in terms of the number of its nodes, n(t), and the values of its leave nodes, θ (t),

to increase the loss as follows:

Ω( ft) = γn(t)+0.5λ

∥∥∥θ
(t)
∥∥∥2

.

We use the Python library XGBoost with its default parameter values for γ = 0 and λ = 1 to

build models for the docking, screening, and scoring tasks. The remaining parameters such as the

number of trees, their maximum depth, the subsample ratio of the training instances and features

were optimized using grid search for each of the three tasks. XGBoost-based scoring function

will be trained on their respective task-specific data sets as will be discussed in more detail in

the following chapters. Scoring functions based on XGBoost algorithm and fitted to PDBBind

2014 complexes will have the prefix BT (for Boosted Trees for regression or classification) as

in BT-Score, BT-Dock, and BT-Screen. On the other hand, scoring functions based on boosted

trees trained using the R language package gbm will start with the prefix BRT as in BRT::X or

BRT::XAR that are trained and evaluated on protein-ligand complexes from the 2007 version of

PDBbind.
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2.3 Conventional scoring functions under assessment

The proposed multi-perspective descriptors in DDB and task-specific scoring functions are as-

sessed on benchmark datasets and tests carefully designed to reflect real-world drug discovery and

design scenarios. Some of the benchmark datasets and testing strategies have also been used in the

literature to profile the performance of other scoring functions developed in academia or used in

commercial software packages. In order to study how the proposed approaches compare with other

scoring functions, we focus on recent studies in which several scoring methods have been tested

on the PDBBind benchmarks we use [17, 27, 50, 25]. From those studies, we compare a total of

19 popular conventional scoring functions to our proposed ML approaches on the 2007 version

PDBbind. The 19 functions are either used in mainstream commercial docking tools and/or have

been developed in academia. Sixteen of the SFs (all except AffiScore, RF-Score, NNScore) were

recently compared against each other in two studies conducted by Cheng et al. [17] and [25].

This set, listed in Table 2.1, includes five SFs in the Discovery Studio software version 2.0 [21]:

LigScore, PLP, PMF, Jain, and LUDI. Five SFs in SYBYL software (version 7.2) [51]: D-Score,

PMF-Score, G-Score, ChemScore, and F-Score. GOLD software version 3.2 [52] contributes three

SFs: GoldScore, ChemScore, and ASP. GlideScore [53] in Schrödinger software version 8.0 [54].

Besides, two standalone SFs developed in academia are also assessed, namely, DrugScore [55]

and X-Score version 1.2 [56]. In addition to the performance of the 16 scoring functions originally

collected by Cheng et al. [17] and Li et al. [25] studies, we consider three additional scoring func-

tions published in different work. The first is AffiScore, an empirical scoring function used in the

academic docking software SLIDE [57]. The other two are the machine-learning scoring functions

RF-Score [27] and NNScore [50] based on the ensemble trees algorithm Random Forests and neu-

ral networks, respectively. We use AffiScore, RF-Score, and NNScore as benchmark methods and

sources of descriptors in our multi-perspective interaction modeling platform DDB and multi-task

scoring functions (see Chapter 3 for more details).

Since molecular modeling software programs often provide multiple scoring choices, we use

notation to identify both the modeling program and the SF used. For example, when referring to the
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Table 2.1: The 19 conventional scoring functions and the molecular docking software in which
they are implemented

Scoring function (SF) Software Type of SF Reference

Jain Discovery Studio Empirical [58]
LigScore Knowledge based [59]
Ludi Empirical [60]
PLP Empirical [61]
PMF Knowledge based [62]
ChemScore SYBYL Empirical [63]
D-Score Force-field based [64]
G-Score Force-field based [52]
F-Score Empirical [51]
PMF-Score1 Knowledge based [62]
ASP GOLD Empirical [19]
ChemScore2 Empirical [63]
GoldScore3 Force-field based [52]
GlideScore Glide Empirical [53]
AffiScore SLIDE Empirical [57]
DrugScore Standalone Knowledge based [55]
X-Score Standalone Empirical [56]
NNScore Standalone Machine-learning [50]
RF-Score Standalone Machine-learning [27]

1 SYBYL’s implementation of PMF
2 GOLD’s implementation of ChemScore
3 GOLD’s implementation of G-Score

SF LigScore1 in Discovery Studio software, the notation DS::LigScore1 is used. Considering all

SFs possible from the modeling tools mentioned in this subsection would result in large numbers

of them. That is because modeling tools typically supply more than one version/option for the

same SF. Each such variation could be regarded as a different SF. LigScore, for example, comes

in two different flavors (LigScore1 and LigScore2). For brevity, we only report the version and/or

option that yields the best performance on the PDBbind benchmark.
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CHAPTER 3

DESCRIPTOR DATA BANK (DDB): A PLATFORM FOR MULTI-PERSPECTIVE
MODELING OF PROTEIN-LIGAND INTERACTIONS

Non-covalent binding of protein-ligand complexes involves numerous physiochemical and struc-

tural factors that bring the molecules together such as hydrogen bonding, hydrophobic interac-

tions, electrostatic charges, π-effects, van der Waals forces, molecular weight, 3D structures of

the molecules and their sizes, etc. Such factors are too complex to model correctly and to deter-

mine their contribution to the binding process whether considered individually or collectively in

groups of interacting forces. Accurate modeling of protein-ligand interactions remains an unsolved

challenge despite advances in molecular biology and the growing number of solved protein-ligand

structures. That is in part due to the limitation of current scoring functions in capturing and mod-

eling protein-ligand interactions. Most of the knowledge-based, force-field, and to some extent

empirical scoring functions in use today attempt to reduce a very complex system of intermolecu-

lar forces into a small number of terms that are combined in a simple additive manner to calculate

the free energy of binding. The empirical approach improves upon its knowledge-based and force-

field counterparts by relying on experimental data and linear regression to express binding affinity

as a weighted sum of energetic terms. Recent studies have shown that empirical scoring functions

have better accuracy on average in predicting binding affinity when compared to knowledge-based

and force-field techniques [17, 25]. However, the empirical linear model is still too rigid and sim-

ple to reliably model the free energy of such a complex system. Their rigidity prevents them from

fully taking advantage of new experimental data whose growth is only increasing. A new family

of scoring functions based on machine learning has been introduced to the field in the past few

years to fix the shortcomings of the simple empirical approaches [27, 50, 65, 24]. These scoring

functions are typically based on highly non-linear predictive models such as ensemble trees and

neural networks fitted to protein-ligand complexes with known experimental activity data. The

complexes are typically characterized by larger number of descriptors than those used by the three
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other categories of scoring functions. For example, the ensemble neural network SFs BgN-Score

and BsN-Score (proposed in the following chapters) employ more than 86 descriptors that encom-

pass several types and versions of intermolecular forces between the protein and the ligand [24].

These neural network scoring functions have shown substantial improvement in prediction accu-

racy when compared to 16 other conventional models. Several other studies have found that this

new category of SFs are significantly more accurate than knowledge-based, force-field and empir-

ical approaches [65, 17, 27, 50]. In this work, we propose a novel approach to further improve the

accuracy of machine-learning scoring functions.

3.1 Improving machine-learning scoring functions

Recent machine-learning scoring functions include almost all the energy terms and potentials

that knowledge-based (KB), force-field (FF), and empirical (E) SFs use in one way or another.

For example, the frequency of different pairwise atomic types similar to those used in knowledge-

based SFs are utilized in ML SFs [27, 50, 65, 24]. Van der Waals interactions, electrostatic contacts,

solvation terms, hydrogen bonding, and hydrophobic forces that are employed in force-field and

empirical approaches have also been considered in ML scoring functions [28]. In fact, all types

and forms of energy terms that have been developed in the literature for empirical SFs can be,

in principle, directly included as individual descriptors in ML SFs given enough training data.

In this respect, ML SFs can be regarded as a superset of KB, FF, and E SFs. As opposed to

linear regression models used in empirical SFs, ML approaches have higher capacity of learning

and can better handle high-dimensional data due to their superior bias-variance error trade-off.

The more interactions they model, and with more experimental training data, ML SFs have every

potential to make near perfect predictions. Not only can they predict the bioactivity of interest

for the target complex based on similar molecules in their training data, they can also rely on the

large and diverse number of specialized descriptors to search for similar atomic environments and

contacts encountered during training. Therefore, with large enough data and interaction modeling

techniques (descriptors), ML SFs could truly one day become general purpose SFs valid for almost
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all protein families and chemical compounds even the ones they never seen before during training.

Other fields such as computer vision and natural language processing have benefited greatly from

using machine-learning approaches to perform at par or surpass human precision on test subjects

novel to them [66, 67]. The main reason for the successful application of ML in these and other

domains with challenging problems is two-fold: (1) effective ML algorithms with high-capacity of

learning, (2) the quantity, quality, and diversity of data on which they are trained, (3) availability

of high-performance computers. We believe the domain of drug discovery and design has many of

the ingredients to be another success story for machine-learning applications.

Many of the necessary building blocks for highly effective machine-learning scoring functions

are available today. The field of machine and statistical learning is rapidly growing with new

theories and algorithms that can effectively model regression, classification, ranking, clustering

problems, etc. The computational resources on which these predictive models can be developed

and deployed are becoming more powerful and cost-effective. A machine-learning scoring func-

tion that requires expensive computer infrastructure to design a few years ago can now be built on

a multi-processor PC or outsourced to public computing cloud in a matter of minutes in exchange

for small fees.

As is the case for other machine-learning models [66, 67], the accuracy of ML SFs has the

potential to substantially improve as biochemical data continue to grow in size, quality, and diver-

sity [28]. Thousands of new, high-quality, 3D structures of proteins and protein-ligand complexes

are resolved and publicly released every year [9]. Millions of annotated drug-like compounds are

being added to public databases periodically [68, 69]. Hundreds of millions of assay results and

experimental bioactivity data for large numbers of proteins and ligands are also maintained in free

databases [70, 71]. Open-access binding affinity databases of protein-ligand complexes for training

and benchmarking are also growing in number and size every year [22, 72, 73, 74, 10]. However,

despite such advances in data availability, we still do not know how to comprehensively charac-

terize the raw proteins, ligands, and protein-ligand complexes in these databases into descriptors

(features) suitable for producing accurate ML SFs. Developers of ML SFs typically build in-house
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tools to extract descriptors which is the most time consuming stage in SF design. In this work,

we propose a platform that provides SF designers with the tools necessary to easily and efficiently

calculate a large number of diverse descriptors.

3.2 The need for a library of descriptor extraction tools

Almost all databases of small compounds, proteins, or protein-ligand complexes host molec-

ular data in their raw form. These molecules must be characterized comprehensively by informa-

tive descriptors before applying ML algorithms. Descriptors are models1 for different molecular

properties and protein-ligand interactions such as hydrogen-bonding, hydrophobic forces, steric

clashes, electrostatic contacts, etc. Such interactions are very complex to represent correctly and

there is no consensus on deriving a standard model for them. As a result, a large number of

hypotheses have been proposed in the literature to characterize the same types of intermolecular

forces. A hypothesis is basically a single perspective for the interaction it attempts to model as

a descriptor. Developers of empirical and recent ML SFs generally rely on their experience, in-

tuition, and analysis of data sets to derive a hypothetical model for each descriptor. Despite the

relatively large number of descriptors that could be computed efficiently from proteins, ligands, and

protein-ligand complexes, most existing SFs utilize only a very small set of orthogonal descriptors

characterizing the various interaction factors. E.g., among popular commercial and academia-

developed SFs, D-Score [64]: uses 2 descriptors, LigScore [59], PLP [61], G-Score [51]: 3, LUDI

[60], ChemScore-2 [63]: 4, Jain [58], F-Score [60], AffiScore [75]: 5, X-Score [56]: 6, GoldScore

[52]: 7, ChemScore-1 [52]: 9, and GlideScore [53]: 10 descriptors. Furthermore, it is uncommon

for an empirical SF to include more than one hypothetical model for each type of interaction it

attempts to take into account. Also, the type of the interactions employed by current scoring func-

tions vary from one model to another. As an example, the empirical SF ChemPLP [76] accounts

for the protein’s solvation and flexibility characteristics among other factors. The SF X-Score, on

the other hand, models neither of these interactions. Instead, it includes a hydrophobicity energy

1Descriptor models should not be confused with machine learning models that we use to build
scoring functions for prediction.
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term which is not present in ChemPLP. In addition to employing different interactions, two SFs

that account for the same type of interactions may model them differently. As an example, hydro-

gen bonding and hydrophobic contacts are modeled differently by X-Score [56], AffiScore [75],

and RF-Score [27]. The variation in the characterization of the same interactions are usually due

to differences in the theoretical model of the interactions, the parameters of the model, the level

of detail or granularity of the modeling algorithm, etc. The lack of sufficient understanding of the

forces that bring proteins and ligands together is the main reason behind such discrepancies.

Although there is an overlap in the types of interactions the features in various SFs attempt

to capture, they still represent different ways or perspectives of capturing protein-ligand binding.

Current empirical SFs, such as X-Score, ChemPLP, and AffiScore, treat the hypothetical models

of interactions as competing perspectives instead of utilizing them collectively as co-operative de-

scriptors. This is evident from the small number of descriptors that is normally considered by

traditional SFs. An important reason existing SFs use very few features is to avoid overfitting

in the simple, often linear, models employed. Also, the interpretation of the linear SF becomes

harder due to high-dimensionality and possible multicollinearity as more factors are added es-

pecially when they account for similar interactions. More importantly, implementing interaction

terms from the literature is a very challenging task unless the modeling tool or software is easily

accessible or the interaction model is simple and well described. Even with the availability of the

software, obtaining and installing it could still be a challenge. To solve these problems, in this

work we introduce a descriptor-specific platform that enables easy access, execution, and sharing

of descriptor extraction tools via simple portals.

3.3 Methods

The main design goal of the descriptor library is to facilitate the extraction of high-quality

and comprehensive descriptors for the three molecular entities: ligands, proteins, and protein-

ligand complexes (PLCs). Based on our experience working with empirical and machine-learning

scoring functions, we observed that the vast majority of them include descriptors specific to ligands

35



and/or PLCs. Protein-specific descriptors are under-represented in the feature space and we felt the

need to fix this imbalance. Therefore, in this section, we present our novel approach for deriving

similarity descriptors based on the primary and tertiary structures of proteins. We then describe

the proposed Descriptor Data Bank (DDB) framework that facilitates integrating descriptors from

various types and sources for multi-perspective modeling of protein-ligand interactions.

3.3.1 Receptor-specific descriptors based on structure similarity and triangulation

The well-known similar property principle in chemoinformatics states that “similar compounds

have similar properties”, i.e., molecules or compounds that have similarity in the descriptor space

(which may be based on functional groups, structure, etc.) are likely to have similar biological

activity [77]. This principle underpins the similarity-based virtual screening approach employed

in ligand-based approached wherein compounds similar to a query compound (a known active

ligand) are retrieved from a compound database for enrichment [78]. We propose target-specific

descriptors based on the primary and tertiary structure similarities of receptors.

Homologous proteins are likely to have similar functions and hence triggered by related or the

same biological signals. Proteins that are structurally and functionally similar are more likely to be

expressed in similar cells. Cellular environmental factors, such as the presence and concentration

of different molecules and charged ions, could have a bearing on the binding process. Such factors

are not typically measured when the structures of proteins or protein-ligand complexes are solved

and their binding affinity determined. We believe extracting protein-similarity based features could

implicitly model environmental factors and intelligently encode the location of the target receptor

in the protein family space. We are not aware of any SFs in the literature or commercial software

that consider such information about the target explicitly or implicitly. Distant homologous pro-

teins that have low sequence similarity may have similar tertiary structures and as a result might

bind to analogous ligands. To capture such information, we extract two types of structure-specific

descriptors: one based on receptor primary structure similarity via triangulation (or REPAST) and

a second set based on receptor tertiary structure similarity via traingulation (or RETEST).
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Figure 3.1: The workflow for generating the receptor-based similarity descriptors REPAST and
RETEST.

Figure 3.1 illustrates the strategy we follow to extract REPAST and RESTEST descriptors.

First, a set of diverse protein families from PDBbind 2007 is prepared for all-against-all pair-wise

alignment. We use BLAST [79] for primary sequence alignment and TM-Align [80] to compute the

tertiary structural similarity between proteins. The similarity scores associated with the alignment

are recorded in a similarity matrix which is then clustered into a predefined number of groups. We

use k-means to group the training proteins into 80 clusters. The centroid proteins of the clusters

are chosen as cluster prototypes or representatives. Finally, for a test PLC, the similarity of the

protein is determined w.r.t. the cluster prototypes using BLAST and TM-Align to yield similarity

descriptors. The distances (inverse of BLAST and TM-Align similarity scores) of the target protein

from the 80 protein prototypes determine its location in the protein family space. The family of the

test protein is therefore determined indirectly via triangulation. Two structurally or functionally

homologous proteins are likely to have similar REPAST and/or RETEST descriptor vectors and

hence separated by a small euclidean distance. Representing large molecules such as proteins into
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descriptor vectors is a very efficient and useful technique for ML SFs. In addition to characterizing

the protein as a whole molecule, this approach can also be applied to generate sub-molecular

descriptors. We plan on extending this strategy in the future to also better characterize the sequence

of the receptor’s binding site and the secondary structure of the domains near the cavity region.

3.3.2 Multi-perspective modeling of protein-ligand interactions

To date, SF design has primarily focused on hypothesis-driven modeling of the binding mech-

anism using a set of descriptors specific to each SF. Consequently, a wide variety of descriptor

sets representing diverse and overlapping hypotheses or perspectives have been developed over

time. These perspectives represent valuable knowledge about the binding mechanism that have

never been brought together in one place and systematically analyzed. Given the high impact of

PLC repositories such as RCSB PDB [81] and related ones like PDBbind [10] and CSAR [82] on

drug discovery research and benchmarking, there is a clear need for such a resource for molecular

descriptors representing multiple perspectives. We develop a descriptor data bank (DDB) and re-

source that will facilitate multi-perspective, data-driven protein-ligand interaction model discovery

as depicted in Figure 3.2.

3.3.2.1 Descriptor Data Bank (DDB)

Descriptor Data Bank (DDB) is designed to host and share descriptor calculation tools and data

to develop diverse and comprehensive multi-perspective models of protein-ligand interactions. A

machine-learning toolbox is also implemented in DDB to provide in-place automatic descriptor

filtering and scoring function development. Its multi-modular architecture, illustrated in Figure 3.2,

provides a framework for meeting DDB design goals in terms of versatile user-interfaces, services,

user programs and data, and system platforms. Descriptor Data Bank is accessible online via

the web at www.descriptordb.com and can also be installed locally as a standalone PyMOL plug-

in and command-line programs. These three separate front-end channels act on user commands

and raw data and deliver processed data and results. Data processing, storage, and retrieval takes
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Figure 3.2: The system architecture of Descriptor Data Bank.

place in the back-end subsystem where databases of molecules, descriptor extraction programs,

descriptors, ML algorithms, and results are maintained. DDB’s front-end and back-end subsystems

communicate through a unified interface with two Python-based programs and system-dependent

libraries and tools. The two Python programs are for: (i) executing descriptor extraction tools

donated by DDB users via well-defined interfaces and (ii) facilitating descriptor filtering and SF

development requests and results. We discuss the main features of DDB and its design in the

following sections.

3.3.2.2 Descriptor tools and data: deposition, extraction, and sharing

DDB’s online platform provides an upload portal to enable users to easily deposit their descriptor

extraction programs and data. The descriptor extraction programs can be written in any program-
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Figure 3.3: The web interface for Descriptor Data Bank.

ming language. To ensure consistency and quality, the donated programs and data must adhere to

DDB’s packaging and naming conventions which are provided on the website.

When a user deposits a descriptor extraction program, it will be inspected for security and

computational resource requirements. If it passes these tests, the program will then be available

for use and download. The descriptor extraction tool will appear on the descriptor extraction

page (see Figure 3.3) as an additional available descriptor set that can be calculated for a given

molecular (P, L, or PLC) dataset. Users will have the choice to use sample molecule datasets

hosted on DDB or upload their own. Instructions about data formatting, naming conventions,

and upload instructions of molecule datasets can be easily located on the website. Users can also

download the deposited descriptor extraction programs, molecule datasets, or raw descriptors via

the download page. Figure 3.2 illustrates the flow, storage, and handling of molecule datasets,

descriptor extraction programs, and raw descriptors.

The standalone PyMOL plug-in and command-line programs are also capable of descriptor
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1
Figure 3.4: The graphical (left) and command-line (right) user interfaces for Descriptor Data
Bank.

extraction as shown in Figure 3.4. Users can download descriptor extraction programs from DDB’s

website to extend the functionality of local DDB and keep it up-to-date. The PyMOL plug-in

and command line programs feature, by default, some of the descriptor extraction tools available

in DDB. We seed DDB with a rich collection of diverse descriptors and descriptor extraction

tools—of all three types: those that depend upon protein only, ligand only, and the protein-ligand

complex—from three different sources that together will more fully capture the complex nature

of protein-ligand interaction: (a) descriptors used in existing SFs—for some of these (e.g., the

AutoDock Vina [83], NNScore [50], and Cyscore [84] descriptors) we have access to descriptors

extraction tools and others we will implement ourselves based on descriptions in the literature; (b)

the new molecular and sub-molecular (in the future) similarity descriptors such as REPAST and

RETEST discussed earlier; and (c) molecular descriptors and physicochemical properties that have

been employed in ligand-based screening and QSAR such as PaDEL [85] and ECFP [86].

3.3.2.3 Descriptor filtering and analysis

Due to its open-access nature, there is a possibility that some of the descriptors hosted on DDB

may be noisy or irrelevant for drug design and discovery applications. Improper modeling of some

interactions, bugs in the donated descriptor extraction program, or any other artifacts can intro-
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Table 3.1: The 16 descriptor types and scoring functions and the molecular docking software in
which they are implemented

Descriptor set/SF Symbol1 Molecule(s)2 Software Type of SF Reference

AffiScore a PLC SLIDE Empirical [58]
AutoDock Vina u PLC AutoDock Vina Empirical [83]
ChemGauss h PLC OpenEye Gaussian [87]
Cyscore c PLC Standalone Empirical [84]
DPOCKET f PLC FPOCKET Descriptors [88]
DSX d Preds. Standalone Knowledge based [89]
ECFP e L RDkit Descriptors [86]
GOLD g PLC GOLD Descriptors [20]
LigScore l Preds. IMP Knowledge based [59]
NNScore n PLC Standalone Machine-learning [50]
PaDEL p L Standalone Descriptors [85]
REPAST b P Standalone Descriptors descriptordb.com [90]
RETEST t P Standalone Descriptors descriptordb.com [90]
RF-Score r PLC Standalone Machine-learning [27]
SMINA s PLC Standalone Empirical [91]
X-Score x PLC Standalone Empirical [56]

1 The symbol of the SF or extraction tool is used to identify the source of descriptors in Figure 3.7.
2 The entity characterized by the descriptors: P for protein, L for ligand, and PLC for protein-ligand com-

plex. When access to the descriptors of SFs in not available, we use their predictions (denoted by Preds.
in the table) as a surrogate for them.

duce noise into the computed descriptors. To guard against noisy data and ensure robustness of

the DDB’s ML SFs, DDB provides an automatic descriptor filtering tool. Users have the option to

experiment with DDB’s raw descriptors or choose to filter them before fitting an ML SF. Descrip-

tor filters can be also stored in DDB for later use or to share them with other developers to build

their SFs. In fact, DDB can build ensemble-based SFs that are less prone to overfitting than their

empirical counterparts. They are more forgiving when their training complexes are characterized

by a larger number of descriptors and/or the possibility that some of these features are either noisy

or not very relevant to the property being predicted. However, the predictive performance of en-

semble ML SFs might be enhanced by utilizing only the most relevant and informative descriptors.

In addition to the accuracy gain, the other benefit of employing a compact set of features is com-

putational efficiency. Speed is of utmost importance in molecular docking and virtual screening

where interaction modeling is perhaps the most time consuming phase in the process. Therefore,
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substantial computational efficiency could be achieved saved when using fewer features by ignor-

ing the ones that are slower to extract among redundant descriptors. The gained computational

savings could be utilized to explore the conformational space more thoroughly during docking or

employed to screen more ligands.

The descriptor filtering algorithm implemented in DDB is based on embedded feature-subset-

selection in which the search for an optimal subset of descriptors is built into the ML algorithm.

The algorithm relies on Random Forest’s automatic variable importance calculation in conjunc-

tion with in-house iterative backward elimination to remove redundant or noisy descriptors and

only retains the most relevant descriptor subset for the given prediction task. Our algorithm em-

ploys multi-objective fitness functions that allow task-specific descriptor subset selection. The

selected subset of descriptors could be optimized for any or all of the following drug-discovery

tasks: identifying the native or near-native binding pose during docking, binding affinity predic-

tion, and enriching compound databases with active compounds. After filtering, DDB will output

results in the form of summary tables and graphs. Such reports shed light on the effect of various

interaction forces and other factors on the bioactivity of interest. Descriptor filtering and analysis

can also be conducted using the PyMOL plug-in and command-line interface (CLI) as shown in

Figure 3.4.

We plan to extend the descriptor filtering algorithm such that it selects the descriptors that are

faster to calculate when there are equally accurate but redundant features with different computa-

tional requirements. Such an improvement will result in the selection of accurate descriptors that

are fast to calculate.

3.3.2.4 Machine-learning scoring functions in DDB

We provide several machine-learning algorithms in DDB to develop SFs using descriptors hosted

on the platform. The ML algorithms available include Extreme gradient boosting trees (XG-

Boost) [49], Gradient Boosting Trees (GBT) [92], Deep Neural Networks (DNN) [24], Ran-

dom Forest (RF) [45], Support Vector Machines (SVM) [40], and Multi-variate Linear Regres-

43



sion (MLR). These algorithms are implemented in the Python libraries XGBoost [49], Tensor-

Flow [43], and Scikit-learn [32]. DDB provides a unified and simple interface to construct ML

SFs and hides the details associated with the underlying ML Python libraries. Users can select

the desired learning algorithm, the PLC training and test datasets, and the sets of descriptors to

characterize these complexes. Furthermore, users can also choose a pre-calculated descriptor filter

to fit the ML algorithm to only the most important descriptors. Upon completion of the ML fitting

process, predictions are calculated for the training and test complexes, and summary performance

and processing time reports will be produced. The results are saved in DDB for later use, and can

be downloaded and shared with other DDB users. The ML SF fitting and prediction capabilities

can also be performed locally in the user’s PC via the PyMOL plug-in and/or CLI as shown in

Figure 3.4.

3.3.2.5 Multi-perspective descriptors extracted for PDBbind complexes

For each PDBbind protein-ligand complex prepared for the docking, screening, and scoring tasks,

we extracted 16 descriptor sets covering a wide range of perspectives and interaction hypothet-

ical models. The total number of descriptors we extracted using DDB are 2714 including 320

receptor-specific descriptors from the proposed REPAST and RETEST techniques, 1765 ligand-

specefic descriptors using PaDeL and ECFP, and 629 complex-specific interactions using the re-

maining 12 SFs listed in Tabel 3.1. All the scoring, docking, and screening PLC datasets (de-

rived in Chapters 4, 5, and 6) along with the 16 descriptor types are available on DDB’s website

(www.descriptordb.com) for use and download.

3.4 Results and discussion

3.4.1 Single vs. multi-perspective modeling of protein-ligand interactions

In this section, we systematically investigate the effect of multi-perspective modeling of protein-

ligand interactions on the performance of scoring functions in different applications. We use the

training and test datasets described in Sections 2.1 for building and evaluating task-specific ML
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Table 3.2: Comparison of the scoring, docking, and screening powers of single and
multi-perspective scoring functions using the core test set (Cr), leave-cluster-out (LCO), and
cross-validation (CV).

Task (metric) Best SP (using MP (without MP (with
NNScore descriptors) REPAST & RETEST) REPAST & RETEST)

Cr CV LCO Cr CV LCO Cr CV LCO

Scoring (Rp) 0.779 0.773 0.571 0.801 0.815 0.612 0.827 0.825 0.637
Docking (S%) 69.23 68.86 64.24 80.05 81.80 75.48 82.05 81.78 77.89
Screening (EF1%) 28.00 32.92 24.38 33.50 35.82 28.64 34.00 37.33 29.79

SFs for the scoring (Chapter 4), docking (Chapter 5), and screening (Chapter 6) tasks.

Our proposed data-driven and multi-perspective (MP) modeling of PL interactions is compared

against the conventional approach of PLC characterization that depends on single-perspective (SP)

modeling. For MP modeling, we built two sets of SFs to evaluate the effectiveness of the proposed

protein-based SFs. In the first, we combined all 2714 descriptors in the 16 descriptor sets listed

in Table 3.1 for each training dataset to build XGBoost SFs specific to the scoring, docking, and

screening tasks. We tested the resulting task-specific SFs on the corresponding test PLCs that are

also characterized by the same 2714 descriptors. The second set of MP SFs are trained using (16

- 2 =) 14 descriptor types where the 320 protein-based descriptors (REPAST and RETEST) are

excluded from the total 16 types used to train the full MP version. As for the SP approach, we

considered each of the (16 - 4 =) 12 descriptor sets individually to characterize the training PLCs

and then built XGBoost SFs for each descriptor set for the three tasks. We excluded the receptor-

specific (REPAST & RETEST) and ligand-specific (ECFP & PADEL) descriptor sets from SP

SFs since they only characterize the protein or the ligand molecules but not the protein-ligand

complex as a whole. We then evaluated all SP-based SFs on out-of-sample validation PLCs whose

interactions were modeled using the corresponding descriptor set. We select the descriptor set

that is associated with the best overall scoring, docking, and screening accuracies on the out-of-

sample validation complexes to build a single-perspective (SP) SF. Our results indicate that the 218

descriptors used by the neural-network SF NNScore are the best set of features for the three tasks.
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Table 3.2 shows the scoring, docking, and screening powers of single and multi-perspective

SFs on known targets (using the core test set (Cr) and cross-validation (CV)) and novel proteins

via leave-clusters-out (LCO) validation. The three rows of the table are for the three different

tasks, the three major columns are for different PLC characterization techniques, and the three sub

columns list the performance on different training-test sampling strategies. The SP XGBoost SF

that obtained the best overall accuracy on validation datasets used the 218 NNScore descriptors.

The performance statistics in the table show that both sets of MP XGBoost SFs are significantly

and consistently better than the SP SF for the three tasks whether on known (Cr and CV) or novel

(LCO) test protein targets. The average improvement of the full MP approach over SP in scoring

accuracy (across Cr, CV, and LCO test sets) is more than 8%, and more than 19% for the screening

and docking tasks. Also, by comparing the summary statistics in the two right-most major columns

we observe that MP SFs that trained with REPAST and RETEST descriptors are consistently more

accurate than MP SFs trained without them. This highlights the utility of the proposed receptor-

based descriptors in improving overall accuracy especially for the scoring task. It should be noted

that all three SP and MP SFs were based on the same ML algorithm XGBoost with the same

parameters, trained and tested on the same complexes, and evaluated using the same metrics. The

only difference between the three sets of SFs is the descriptors they employ to characterize their

training and test PLCs. All other factors that may have an effect on the performance results are

fixed. Given the substantial improvement we report in Table 3.2 between SP and the two versions of

MP, it is evident that multi-perspective modeling of protein-ligand interactions is a very promising

technique in enhancing the accuracy of ML SFs. In addition to XGBoost, we were able to observe

similar levels of improvements for other ML algorithms such as Random Forest, boosted and

Bagged Ensemble Neural Networks [24], and Support Vector Machines.

3.4.2 Number of perspectives vs. number of training protein-ligand complexes

Public biochemical databases such as PDB [81], PubChem [71], PDBbind [22], Zinc [68], and

others are the inspiring successful projects behind the creation of DDB. These public databases
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Figure 3.5: The scoring accuracy of multi-perspective scoring functions trained on varying
numbers of perspectives and known targets.

have had a tremendous impact on advancing virtual screening and other molecular modeling ap-

plications. We believe our database will be a very important complement in this space of public

biochemical data and will significantly contribute to the advancement of machine-learning SFs. In

this section, we quantitatively show how SFs benefit from training on increasing numbers of public

complexes that are characterized by an increasing number of descriptor sets. In other words, we

demonstrate how the performance of SFs improves as new PLCs and perspectives of their interac-

tions are added to public databases overtime. To mimic the improvement of ML SFs in response

to the release of new PLCs, we randomly sample an increasing sizes of training subsets from the

3251 primary training set Pr. We randomly select x base PLCs from the 3251 complexes in Pr,

where x ∈ {100,680,1260,1840,2420,3000}, and use the selected PLCs to train XGBoost SFs for

the three tasks. We then test them on the disjoint core set Cr for the scoring, docking, and screen-

ing tasks. This process is repeated 100 times to obtain robust average Rp, S1
1%, and EF1% values,

which are plotted in Figure 3.5(a). In the three tasks, we observe that the performance XGBoost

SFs improves as the size of the training dataset increases. The slope of the three curves indicates

that the these ML SFs have a potential for improvement as more training data becomes available

in the future.
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To investigate the effect of increasing number of descriptor sets, we randomly select a max-

imum of 100 combinations of x descriptor sets from all possible
(16

x
)

combinations of the 16

types listed in Table 3.1, where x ∈ {1,4,7,10,13,16}, and use them to characterize the training

set complexes, which we then use to train XGboost SF. These models are subsequently tested on

the Cr dataset characterized by the same descriptors. For each number of descriptor sets, x, the

performance of the 100 SFs are averaged to obtain robust overall Rp, S1
1%, and EF1% statistics,

which are plotted in Figure 3.5(b). Similar to the case of increasing training data size in terms of

number of new PLCs, the performance of the ML SFs steadily improves by increasing the number

of protein-ligand interaction models in all three tasks. It is clear from the right and left panels of

Figure 3.5 that the number of different models of protein-ligand interactions are as important as the

number of training complexes in improving the quality of prediction. Based on these results, we

believe that the public database of protein-ligand interactions we are proposing in this work will be

of high value to ML SFs and just as important to their accuracy as the resources of raw structural

and experimental data.

3.4.3 Perspective filtering using automatic feature subset selection

In addition to hosting descriptor extraction tools, DDB also offers descriptor filtering and analysis

toolbox. The toolbox is developed to fulfill the following needs: (i) automatically guard against

noisy and irrelevant descriptors, (ii) provide insight about the effect of different intermolecular

forces on the bioactivity of interest, and (iii) distill the information contained in all descriptors into

a compact subset of accurate features for applications where high throughput is required. Descrip-

tor filtering is essentially a problem of feature subset selection (FSS) in machine learning. The

naïve approach of performing FSS is to search the feature space for the most relevant descriptors

using brute force and drop the remaining least important subset. Eliminating the least relevant

features from a pool of thousands of descriptors using exhaustive enumeration is impractical be-

cause of the combinatorial explosion of the number of all possible subsets (2P−1, where P is the

pool size). Numerous alternative approaches have been proposed in the literature that attempt to
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find accurate subset of features in a reasonable time. These approaches can be grouped into three

major categories. First are filter-based approaches in which one descriptor is considered at a time

to examine its relevance score to the property we wish to predict. The descriptors that have the

lowest scores (e.g., the lowest correlation with the dependent variable) are filtered out. Although

filter techniques are fast, they ignore descriptor interactions with each other since every feature is

evaluated separately. The second category of FSS techniques are called wrapper methods in which

a large number of descriptor subsets with varying sizes and combinations are constructed and ex-

amined according to some search heuristic. A classification or regression ML model is typically

fitted to each descriptor subset to examine their accuracy on an out-of-sample test set. After evalu-

ating each subset, the wrapper search technique, typically an evolutionary algorithm, explores the

descriptor space in the vicinity of the most accurate subsets by generating new combinations of

descriptors derived from the best subsets so far. The search continues until a predefined number of

search rounds has been performed or a target fitness value has been obtained or reached a plateau.

In either case, wrapper search algorithms such as Genetic Algorithms (GA) [93] or Particle Swarm

Optimization (PSO) [94] require a large number of descriptor subsets to explore and search rounds

to arrive at an optimal descriptor subset. Based on our experiments using GA, we found that it is

computationally very expensive to reliably search for the best descriptor subset when the number

of descriptors exceed few hundreds.

The third FSS technique is based on the embedded paradigm. As the name implies, the search

for an optimal subset of descriptors is embedded into, or built in, the ML algorithm itself and

therefore it is more computationally efficient than the wrapper approach. It is also more accurate

than filter methods since descriptor interactions are considered by the ML model. Due to these

properties, we choose the embedded method to be the basis of our FSS algorithm. The algorithm

is based on Random Forest’s automatic variable importance calculation in conjunction with an

in-house approach of iterative backward elimination to remove redundant, noisy, and irrelevant

descriptors.

Automatic variable importance calculation is a very useful byproduct in ensemble models. In
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addition to utilizing it for filtering, it helps identify the most critical interactions that contribute

to the predictive accuracy of the model. Random forest utilizes out-of-bag (OOB2) PLCs to cal-

culate the effect of each descriptor on the predicted bioactivity of interest. This is achieved by

monitoring the change in the model’s accuracy while permuting (shuffling) input descriptors ran-

domly one at a time. With each random permutation of the descriptor values across the OOB

complexes (i.e., descriptor noising), the corresponding increase in mean-square-error (MSE) on

the OOB examples (OOBMSE (permute)) is measured. By comparing the intact OOBMSE to thus

computed OOBMSE (permute), the average increase in MSE is evaluated. For each tree t in the en-

semble model, standard OOBMSE is determined as follows: OOBMSE(t) = 1
Ñ ∑

Ñ
i=1 (yi− ŷ(t)i )2,

where Ñ is the number of OOB examples of the tree t. The criterion OOBMSE for the same

tree when permuting the input variable X j is defined as: OOBMSE(t)
j = 1

Ñ ∑
Ñ
i=1 (yi− ŷ(t)i, j )

2. For

each descriptor X j in every tree t in the ensemble, the increase in MSE is calculated as follows:

∆OOBMSE(t)
j = OOBMSE(t)

j −OOBMSE(t). To calculate the importance (I ) of descriptor j,

the resulting ∆OOBMSE(t)
j values are averaged and normalized over all the trees in the ensemble

according to the formula: I j = µ∆OOBMSE j/σ∆OOBMSE j . The overall increase in MSE (I j) for

an input descriptor X j can be considered its influence on predicting the final binding affinity or any

other dependent variable.

Based on variable importance and backward elimination we implement the descriptor filtering

approach depicted in Algorithm 2. (i) First, the number of descriptor subsets (M) to test are defined

by the user. The sizes of the M feature subsets start from the full dimension P down to 3 with a

fixed step of size ∼ (P− 3)/(M− 1). Here, we arbitrarily choose three to be the lowest number

of descriptors to test. (ii) Starting from the largest descriptor subset (whose size is M (1) = P), an

RF model is built and its relative variable importance I (1) as well as out-of-sample loss L1 are

recorded. (iii) We then use variable importance scores to select the M (2) most influential descrip-

tors V (2) and eliminate the remaining less important M (1)−M (2) features (V (1)−V (2)). Next,

2Out-of-bag (OOB) refers to complexes that are not sampled from the training set when boot-
strap sets are drawn to fit individual trees in a random forest model—on average, about 34% of the
training set complexes are left out (or “out-of-bag”) when bootstrap sets are drawn.
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Algorithm 2 Descriptor filtering algorithm

1: Input 1: Training data: D = {Xi,yi}Ni=1
2: Input 2: The number of descriptor subset sizes to test: M
3: Subset sizes M = Sequence(from = P, down to = 3, decrement by = ∼ (P−3)/(M−1))
4: Set the initial variable importance values for all P descriptors to some arbitrary value (e.g., 1)

as I (0) = {I j = 1 | 1≤ j ≤ P}
5: for p = 1 to M do
6: V (p) = choose M (p) descriptors with the largest V. I. values according to I (p−1)

7: Characterize PLCs with the descriptor set V (p) as Dp =

{
X(V (p))

i ,yi

}N

i=1
8: Train model Fp on data Dp as Fp = fit(Dp)

9: Compute variable importance of the set V (p) as I (p) = Var. Imp.(Fp)
10: Calculate the loss of model Fp as Lp = OOBMSE(Fp)
11: end for
12: Find the optimal subset of descriptors V (optimal) =V (p∗), where p∗ = arg min

p
Lp

Table 3.3: The docking, screening, and scoring accuracies (A) of multi-perspective
scoring functions constructed using raw (R) and noisy (R+N) descriptors. The number
of descriptors (P) and accuracies (A) are reported when all features are used (Full) and
after conducting feature subset selection (FSS).

Task (metric) Raw descriptors (R) Raw & noise descriptors (R+N)

PFull
R AFull

R PFSS
R AFSS

R PFull
R+N AFull

R+N PFSS
R+N AFSS

R+N

Scoring (Rp) 2714 0.816 216 0.804 5428 0.772 378 0.823
Docking (S1

1%) 2714 82.05 270 81.95 5428 79.49 216 81.54
Screening (EF1%) 2714 34.00 216 34.00 5428 32.00 541 33.50

we build a new RF SF and record its out-of-sample loss L2 as well as its importance estimates

I (2) of the descriptor subset with size M (2). (iv) We repeat this process of model construction,

out-of-sample loss calculation, variable importance estimation, and backward elimination until all

M (where M (M) = 3) descriptor subsets have been tested. Upon completion, the most informative

descriptors will be the subset associated with the lowest out-of-sample loss. The variable impor-

tance values of the best subset is a good estimate of the contribution of different molecular forces

to the system’s binding affinity.

We conducted two types of experiments to show the effectiveness of DDB’s descriptor filtering
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Figure 3.6: The scoring, docking, and screening accuracy during the filtering of raw (left) and
noisy (right) descriptors.
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Figure 3.7: The relative influence of the top 15 (out of 2714) descriptors on predicting the
ligand’s binding affinity (left panel) and poses (right panel) for the core test set complexes. The
x-axis shows abbreviated names for the descriptors in which the first letter denotes the symbolic
identifier of the SF or tool generating the descriptor (see Table 3.1), the following “.X#” is the
original SF’s unique index of the descriptor, and the suffix is the descriptor short name as
produced by the original SF or extraction tool.
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capabilities. In the first, we applied the iterative descriptor importance estimation and backward

elimination algorithm on DDB’s 2714 original (or raw, denoted by R) descriptors for the scoring,

docking, and screening tasks. The goodness of fit metric for the scoring and docking is the MSE

between predicted and true labels of OOB PLCs. The true PLC labels for scoring are the exper-

imental BA values and for docking it is the RMSD values of PLC poses. The objective function

for the screening task is the average enrichment factor of active ligands on ten out-of-sample test

sets. Upon calculating the optimal filtered subset for each task, we used them to build XGBoost

SFs whose accuracy statistics are listed in Table 3.3. The second major column of Table 3.3 shows

(from left to right) the number (PFull
R ) of the original (R) descriptors, the accuracy (AFull

R ) of XG-

Boost SFs trained on the raw descriptors, the number (PFSS
R ) of descriptors in the best feature

subset, and the accuracy (AFSS
R ) of XGBoost SFs trained on this subset of filtered descriptors. We

observe that the accuracy of the SFs did not change significantly (AFull
R vs. AFSS

R ) despite the use

of (270/2714=) 10% of the total number of descriptors (PFull
R vs. PFSS

R ). We further found that the

best descriptors selected for each task include subsets from 16 descriptor types. Note that the size

of the best descriptor subset is comparable to that of NNScore whose 218 descriptors were found to

be the best performing when single-perspectives were evaluated individually as shown in Table 3.2.

However, the performance of the two descriptor sets (as listed in Table 3.2 and Table 3.3) are quite

different and this implies the effectiveness of multi-perspective modeling of interactions and the

feature filtering algorithm. Figure 3.6(a) shows the search path for the best subset of descriptors for

the three prediction tasks. The x axis of the plot is for the descriptor subset size and the y axis is for

the accuracy of that subset on out-of-sample PLCs. The tick marks (the small square, circle, and

triangle) on the plot correspond to the size of the best subsets and their performance. The results

in the plot agree with those in the table in the fact that the performance for large descriptor subsets

are not very different from those for smaller subsets. The gap in performance for the screening

task could be due to the difference in the ML models used for filtering (RF in the plot) and the final

SF construction (XGBoost in the table).

The results of the first experiment clearly indicate that valuable computational resources could
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be saved by only extracting the most important descriptors without affecting performance. This

was one of the objectives of implementing descriptor filtering as part of DDB. The approach of the

second experiment is very similar to the first, but the objectives are different. The main objective

is to simulate the possibility of depositing noisy descriptors to DDB. Noise could be introduced

as a result of improper modeling of some interactions, bugs in the donated descriptor extraction

program, or due to any other artifacts. Therefore, in this experiment we evaluate the descriptor

filtering algorithm on its ability to remove noise that is added as artificial descriptors. We first

added as many as 2714 random noise (N) variables to the 2714 raw (R) descriptors. We then

fitted two sets of SFs. The first set of XGBoost SFs are trained directly on the 5428 mixed (R+N)

descriptors. For the second, we first applied the descriptor filtering algorithm on the 5428 mixed

(R+N) descriptor set. After obtaining the filters for the three tasks, we fitted another set of XGBoost

SFs on the resulting filtered descriptors. The results of both experiments are shown in the right-

most major column of Table 3.3. Although not very significant, we notice a drop in performance

of the SF that was trained on the noisy descriptors compared to its counterpart that was constructed

on the original features (i.e., AFull
R vs. AFull

R+N). This indicates the resilience of XGBoost SFs to such

a large amount of noise (100%) in the data. After applying DDB filters, we notice a rebound in the

performance of the ML SF back to normal. We examined the final three subsets of descriptors and

we found that none of the 378, 216, and 541 selected descriptors are the noisy set we intentionally

added. This clearly shows the accuracy of the embedding-based FSS algorithm in finding and

removing noise.

Drug designers and medicinal chemists are often interested in understanding the influence of

various intermolecular forces on the ligand’s binding affinity and conformation. DDB’s filtering

and ML toolbox serves this need through its descriptor importance plots such as the ones depicted

in Figure 3.7. Out of the 2714 descriptors in DDB, the bar plots illustrate the relative impor-

tance of the top 15 descriptors with the largest effect on predicted binding affinities and poses

of PLCs in the core test set Cr. For binding affinity, RF’s variable importance plot suggests that

descriptors that have the most predictive power are related to hydrophobic contacts followed by
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steric effects, hydrogen bonding, and ligand solvation. Whereas descriptors that characterize the

ligand’s steric effects and clashes with the protein were found to play the biggest role in estimat-

ing its binding pose. The descriptor based on NNScore’s term for Vina’s (SF) affinity score is

among the top predictors of binding affinity and conformation. The volume of the pocket calcu-

lated by DPOCKET [88] appears to affect binding pose prediction but does not seem to have the

same effect on BA estimation. On the other hand, the number of Carbon-Carbon atom pairs be-

tween the protein and ligand within 8 and 12 Å are very relevant for scoring but not docking. The

descriptors based on these simple atomic contacts are calculated by the SF RF-Score (descriptor

codes with the prefix “r”). The other top 15 scoring and docking descriptors shown in Figure 3.7

are generated by the following diverse set of SFs and characterization tools: ChemGauss (prefix

h), AffiScore (a), NNScore (n), PaDEL (p), RETEST (t), DPOCKET (f), AutoDock Vina (U),

Cyscore (c), and X-Score (x). In some cases, these tools overlap in features that describe the

same interactions but using different modeling approaches. For example, hydrophobic contacts are

modeled by RF-Score’s CC_8, CC_12 & CC_16 contacts, Cyscore’s hydrophobic term, and Aff-

iScore’s hydrophobic score. Hydrogen bonding-related descriptors are also generated by X-Score

and ChemGauss using two different perspectives. Although the top 15 features capture a diverse

collection of intermolecular forces, some of them characterize the same interaction type which

highlights the benefits of the proposed multi-perspective modeling paradigm.

3.5 Conclusion

In this chapter, we presented Descriptor Data Bank (DDB), an online platform for facilitating

multi-perspective modeling of PL interactions. The online platform is an open-access hub for de-

positing, hosting, executing, and sharing tools and data arising from a diverse set of interaction

modeling hypotheses. In addition to the descriptor extraction tools, the platform also implements

a machine-learning (ML) toolbox that drives DDB’s automatic descriptor filtering and evaluation

utilities as well as scoring function fitting and prediction functionalities. To enable local access

to many of DDB’s utilities, command-line programs and a PyMOL plug-in have also been devel-

55



oped and can be freely downloaded for offline multi-perspective modeling. We seed DDB with

16 diverse descriptor extraction tools developed in-house and collected from the literature. The

tools altogether generate over 2700 descriptors that characterize (i) proteins, (ii) ligands, and (iii)

protein-ligand complexes. The in-house descriptors we propose here, REPAST & RETEST, are

target-specific and based on pair-wise sequence and structural alignment of proteins followed by

target clustering and triangulation. We built and used the fit/predict service in DDB to fit ML SFs

to the in-house descriptors and those collected from the literature. We then evaluated them on

several data sets that were constructed to reflect real-world drug screening scenarios. We found

that multi-perspective SFs constructed using large and diverse number of DDB interaction mod-

els outperformed their single-perspective counterparts in all evaluation scenarios with an average

improvement of 15%. We also found that our proposed target-specific descriptors improve upon

the accuracy of SFs that were trained without them. In addition, DDB’s filtering module was able

to exclude noisy and irrelevant descriptors when artificial noise was included as new features. We

also observed that the tree-based ensemble ML SFs implemented in DDB are robust even in the

presence of noisy and decoy descriptors.
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CHAPTER 4

BAGGING AND BOOSTING BASED ENSEMBLE NEURAL NETWORKS SCORING
FUNCTIONS FOR ACCURATE BINDING AFFINITY PREDICTION

4.1 Binding affinity

In the context of drug discovery and development, binding affinity is the strength of the non-

covalent bond that brings a protein and a ligand together which is typically quantified using the

Dissociation constant (Kd). It is an equilibrium constant that measures the tendency for a com-

plex to separate into its constituent components (protein and ligand). We utilize it here to describe

the degree of tightness of proteins to their binders. That is, by interpreting complexes whose

components are more likely to dissociate (high dissociation constants) as loosely bound (low bind-

ing affinities) and vice-versa. We can write the binding reaction for a protein-ligand complex

as: Protein-Ligand Complex ↔ Protein + Ligand, and the dissociation constant in terms of mo-

lars (mol/L) is given by: Kd = [P][L]/[PL], where [P], [L], and [PL] are the equilibrium molar

concentrations for the protein, ligand, and protein-ligand complex, respectively. The higher the

concentration of the ligand needed to form a stable protein-ligand complex, the lower the binding

affinity will be. Put differently, as the concentration of the ligand increases, the value of Kd also

increases and this corresponds to a weaker binding.

In some experimental settings, such as competition binding assays, inhibitor constant is used

as a measure of binding affinity. Inhibitor constant (commonly denoted by Ki) is defined as the

concentration of a competing ligand in a competition assay that would occupy 50% of the receptor

in the absence of radioligand. Inhibitor constant is expressed by the following Cheng-Prusoff

equation [95]:

Ki =
IC50

1+[L]/Kd
, (4.1)

where IC50 is the half maximal inhibitory concentration that measures the effectiveness of the

ligand to inhibit a biochemical or biological function by half, Kd is the dissociation constant of
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the radioligand, and [L] is the concentration of the ligand L. IC50 could also be thought of as

the concentration of the ligand required to displace 50% of the radioligand’s binding. IC50 value

is typically determined using dose-response curve [96] and it should be noted that it is highly

dependent on experimental conditions under which it is calculated. To overcome such dependency,

the inhibitor constant formula Ki is developed such that it has an absolute value. An increase in its

value means a higher concentration of an inhibitor needed to block certain cellular activity.

It is customary to logarithmically convert the dissociation and inhibitory constants to numbers

that are more convenient to interpret and deal with. These constants are scaled according to the

formula:

pKd =− log(Kd) and pKi =− log(Ki), (4.2)

where higher values of pKd and pKi reflect an exponentially greater binding affinity. The data we

use in our work are restricted to complexes whose either Kd or Ki values are available. Therefore,

in many of the regression models that will be built are fitted so that the response variable is either

pKd or pKi. The binding affinities of the complexes in PDBbind database considered in this work

range from 2 to 11.96 in terms of pKd and pKi, spanning about 10 orders of magnitude.

4.2 Predicting binding affinity

Unknown binding affinities of protein-ligand complexes are typically estimated by predictive

models known as scoring functions. Most existing scoring functions employed in commercial and

free molecular docking software fall in one of three main categories: force-field-based [64], empir-

ical [56], or knowledge-based [97] SFs. Many comparative studies have found that these types of

SFs are not accurate enough for reliable and successful molecular docking and virtual screening.

A recent study examined a total of 16 popular scoring functions in their ability to reproduce ex-

perimental binding affinities of 195 protein-ligand complexes that encompass 65 different protein

families [17]. Although these SFs are employed in mainstream commercial and academic molec-

ular docking tools, the best performing SF achieved only mediocre accuracy of less than 0.65

in terms of Pearson’s correlation between its predictions and measured binding affinities (BAs).
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These findings are in agreement with an earlier work by Wang et al. in which a related benchmark

and scoring functions were examined [98]. Several of the evaluated SFs were empirical models

derived via fitting linear regression equations to training data, but none were based on nonlinear

modeling approaches such as Artificial Neural Networks (ANN) or ensemble decision trees.

Artificial neural networks have been previously used in computational drug development, but

they have mostly been applied in QSAR modeling problems or in predicting the biological activity

of ligands (active or not) against a target protein [99, 100, 101]. Their application in predicting

binding affinity has been very rare and only reported in small scale experiments in which just a

handful of protein-ligand complexes were used for training and validation [102, 103, 50]. Neural

networks’ poor generalization performance when trained on small and high-dimensional datasets

is perhaps the main reason for their limited use in scoring protein-ligand complexes in commercial

docking tools. In this chapter, we propose novel SFs based on an ensemble of neural networks to

predict binding affinity of protein-ligand complexes characterized using large and diverse number

of descriptors. We train and test our models on hundreds of high-quality protein-ligand complexes

and compare their accuracies against conventional and state-of-the-art scoring functions. We show

that our NN SFs are resilient to overfitting and generalize well even when predicting BAs of com-

plexes characterized by a large number of descriptors.

4.3 Key contributions

Conventional empirical SFs rest on the hypothesis that a linear regression function is suffi-

ciently capable of modeling protein-ligand binding affinity [63, 56]. Instead of assuming a pre-

determined theoretical function that models the unknown relationship between different energetic

terms and binding affinity, two accurate nonparametric SFs, BgN-Score and BsN-Score, based

on ensemble and deep learning approaches are introduced in this chapter. We utilize the multi-

perspective molecular descriptors (proposed in Chapter 3) to build the SFs BgN-Score and BsN-

Score by combining a large number of diverse neural networks using bagging and boosting en-

semble techniques, respectively. We show that BgN-Score and BsN-Score have scoring powers of
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0.840 and 0.844 in terms of Pearson’s correlation coefficient between predicted and true binding

affinities of PDBbind (version 2014) core test set complexes, respectively. This is in comparison

to 0.627 for the best conventional SF, X-Score, on the same benchmark test set. In addition to

this substantial 34% improvement, the same ensemble NN SFs are also more accurate than SFs

based on a single neural network (0.840 and 0.844 vs. 0.803). We also compare our proposed

models to a SF based on other popular machine-learning algorithm Random Forests. We found

that our ensemble NN SFs are at least 16% more accurate than RF-Score, an SF based on Random

Forests. Scoring functions based on a boosted trees model fitted using the XGBoost algorithm

achieved 0.827 correlation with true binding affinity values. Although NN and decision-tree based

ensemble approaches are competitive with each other, the significance of NN ensemble SFs intro-

duced in this work is two-fold. First, they represent a way to overcome the overfitting limitations

of single neural network models that have been used traditionally in drug-discovery applications

[99, 100, 50]. Second, neural networks have the ability to approximate any underlying function

smoothly [104, 105, 106] in contrast to decision trees that model functions with step changes across

decision boundaries [107].

We seek to advance structure-based drug design by designing SFs that significantly improve

upon the protein-ligand binding affinity prediction accuracy of conventional SFs. Our approach

is to couple the modeling power of ensemble algorithms and deep learning with training datasets

comprising hundreds of protein-ligand complexes with known high-resolution 3D crystal struc-

tures and experimentally-determined binding affinities and a variety of features characterizing the

complexes. We will compare the predictive accuracies of BgN-Score, BsN-Score, single deep

neural network SF (DNN-Score), and other machine-learning approaches as well as existing con-

ventional SFs of all three types, force-field, empirical, and knowledge-based, on diverse and ho-

mogeneous sets of protein families. The remainder of the chapter is organized as follows. We first

describe the training and test datasets used to construct and evaluate several neural network and

machine-learning scoring functions. The next section covers some of the limitations of artificial

neural networks and our approach to tackling them. Then we present our proposed SFs based on
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these models. Next, we show results comparing the scoring and ranking powers of conventional

and the proposed SFs on diverse and homogeneous test sets. We also compare their performance

on novel drug targets and analyze how they are impacted by training set size and the number of

descriptor sets characterizing protein-ligand complexes. Finally, we summarize our results and

conclude this chapter.

4.4 Methodology

4.4.1 Protein-ligand complex datasets and multi-perspective characterization

For most of our experiments in this work, we use two versions of PDBbind to train and test the

proposed scoring functions. We build and evaluate the proposed scoring functions on complexes

from the database PDBbind versions 2007 and 2014 as outlined in Section 2.1. These two ver-

sions were used in recent studies to evaluate the performance of several academic and commercial

scoring functions [17, 25, 27, 50]. In order to objectively compare the predictive accuracy of the

proposed scoring functions to many existing popular SFs, we too use the 2007 and 2014 PDBbind

benchmark. The experiments on the two versions were conducted during different stages of this

work and therefore there are some changes concerning the machine-learning methods (addition

of XGBoost) and their libraries (python & R), the descriptors we extract for each protein-ligand

complex, as well as other variations that will be highlighted in the text.

4.4.1.1 The PDBbind 2007 benchmark

We use the 2007 version of PDBbind to train and test scoring functions based on the machine learn-

ing algorithms NN, RF, BRT, SVM, kNN, MARS, and MLR. For each of the 1300 protein-ligand

complexes in PDBbind 2007, we extracted physicochemical features used in the empirical SFs X-

Score [56] (a set of 6 features denoted by X) and AffiScore [108] (a set of 30 features denoted by A)

and calculated by GOLD [52] (a set of 14 features denoted by G), and geometrical features used in

the ML SF RF-Score [27] (a 36-feature set denoted by R). The software packages that calculate X-

Score, AffiScore (from SLIDE), and RF-Score features were available to us in an open-source form
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from their authors and a full list of these features is provided in the appendix. The GOLD docking

suite provides a utility that calculates a set of general descriptors for both molecules as separate

entities and in a complex form. The full set of these features can be easily accessed and calculated

via the Descriptors menu in GOLD. By considering all fifteen combinations of these four types of

features (i.e., X , A, R, G, X ∪A, X ∪R, X ∪G, A∪R, A∪G, R∪G, X ∪A∪R, X ∪A∪G, X ∪R∪G,

A∪R∪G, and X ∪A∪R∪G), we generated 15 corresponding versions of scoring functions. Each

scoring function is trained and evaluated on complexes characterized by one of the 15 descriptor

combinations. We denoted these models using the name of the machine-learning algorithm (as a

prefix) and the feature combintion (as a suffix). The scoring function BsN-Score::XR, for example,

denotes the boosted ensemble neural network model fitted to complexes characterized using the

set of descriptors X ∪R (referred to simply as XR).

4.4.1.2 The PDBbind 2014 benchmark

In addition to the 2007 release of PDBbind, we also take advantage of PDBbind 2014 which in-

cludes 3446 high-quality complexes—about 160% more complexes than the 1300 PLCs in PDB-

bind 2007. We use protein-ligand datasets from PDBBind 2014 to train and test machine-learning

scoring functions based on NN, RF, XGB, and MLR. All protein-ligand complexes are charac-

terized using the proposed multi-perspective descriptors in Descriptor Data Bank (DDB). The set

includes more than 2700 descriptors extracted using 16 different scoring functions and molecular

modeling tools developed in house and collected from the literature which are now part of DDB.

The descriptor sets are comprised of the types X, A, R, G, which were also considered in our ex-

periments on PDBbind 2007 and 12 other types (listed in Table 3.1) extracted for PDBbind 2014

complexes only. We only fit one version of each machine-learning scoring function to all 16 fea-

ture types instead of creating as many versions as the number of combinations of the 16 descriptor

types. We distinguish scoring functions using their underlying machine-learning algorithms. For

example, BsN-Score refers to the scoring function built using the proposed boosted neural network

model and fitted to more than 2700 multi-perspective descriptors from DDB.
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4.4.2 Limitations of neural networks and our approach to tackling them

Although multi-layer (or deep) ANN models can theoretically approximate any nonlinear contin-

uous function, their application in drug-discovery related problems has always been complicated

by several challenges. Data arising from bioinformatics and cheminformatics processes are typ-

ically high-dimensional. Since ANN models cannot handle large number of features efficiently

when data is scarce, a pre-processing step prior to fitting the data using an ANN model is usually

necessary. Feature subset selection using evolutionary algorithms or dimension reduction using,

say, principal component analysis (PCA), is commonly applied to overcome this problem. How-

ever, valuable experimental information may be discarded when only a small subset of features is

selected to build a prediction model. The dimensionality-reduction approach is also complicated

by the fact that the underlying data distribution is unknown and hence making the right choice

of which dimensionality-reduction technique to apply is a tricky problem in itself. In addition to

these pre-processing issues, training ANN models is also a challenging task because their weights

can not be guaranteed to converge to optimal values. This causes NN models to suffer from high

variance errors which translate to unreliable SFs.

The aforementioned problems can be avoided and state-of-the-art performance can be achieved

by combining predictions of hundreds of diverse and nonlinear NN models. We propose here

ensemble methods based on ANNs. The ensemble itself is trained on all the features, although

each network in the ensemble is fitted to only a subset of the features. This approach relieves us

from carrying out feature subset selection or dimensionality reduction prior to training. In fact,

the performance of the ensemble can even be improved by describing the data with more relevant

features. Moreover, it is no longer critical to tune the weights of each network in the ensemble

to optimal values as it is the case for a single NN model. Suboptimal weight tuning of individual

networks could contribute to decreasing the inter-correlation between them, which translates to a

diverse ensemble and therefore a more accurate model [45].

Our proposed NN ensemble models are inspired from Random Forests [45] and Boosted Re-

gression Trees [92] techniques in the formation of the ensembles. So far, the focus in ensemble
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learning has been more or less biased towards using decision trees as base learners in forming

ensembles. Choosing trees as base learners is mainly due to their high flexibility and variance

(low stability). High variance decreases inter-correlation between trees and therefore increases the

overall ensemble model’s accuracy. Instead of using decision trees as base learners, we employ

here multi-layered perceptron, or deep, neural networks (DNN). DNN shares several characteris-

tics with prediction trees. They are non-parametric, nonlinear, and have high variance. Moreover,

both techniques are very fast in prediction. Deep neural networks, however, have the ability of

modeling any arbitrary boundary smoothly while decision trees can only learn rectangular-shaped

boundaries. Decision trees are typically pruned after training to avoid overfitting, whereas DNN

uses regularization while the network weights are optimized during learning. We next describe our

two new ensemble NN models.

4.4.3 BgN-Score: Ensemble neural networks through bagging

Bootstrap aggregation, or bagging for short, is a popular approach to construct an ensemble learn-

ing model. As the name implies and as indicated in the third step of Algorithm 3, the ensemble is

composed of neural networks that are fitted to bootstrap samples from the training data. To further

increase the diversity of the ensemble and decrease its training time, the inputs to each network

l are a random subset (pl) of the total P features extracted for every protein-ligand complex (see

Step 4). Feature sampling has proven effective in building tree-based ensemble algorithms such as

Random Forests [45]. When the task is to predict the binding affinity of a new protein-ligand com-

plex, the output is the aggregated average of the predictions of the comprising individual networks

as shown in Algorithm 3 and depicted in Figure 4.1. This mechanism can be formally expressed

as:

ŷ = f (xP) =
1
L

L

∑
l=1

fl(xpl ) =
1
L

L

∑
l=1

ŷl , (4.3)

where xP ∈ℜ
|P| is a feature vector representing a protein-ligand complex characterized by a fea-

ture set P, f (xP) is the function that maps it to binding affinity ŷ ∈ ℜ, xpl ∈ ℜ
|pl | is the same
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complex but characterized by a random subset pl of features (|pl | < |P|), L is the number of

networks in the ensemble, and ŷl is the prediction of each network l in the ensemble which is

calculated at the output neuron according to Equation 2.14. The resulting bagging-based ensemble

SF is referred to as BgN-Score.

Algorithm 3 Algorithm for building BgN-Score: an ensemble NN SF using bagging

1: Input: training data D = {XP,Y}, where XP = {xP
1 , . . . ,x

P
N}, Y = {y1, . . . ,yN}, and N is the

number of training complexes.
2: for l = 1 to L do
3: Draw a bootstrap sample XP

l from XP.
4: Characterize the complexes in the bootstrap sample XP

l using a random subset pl of fea-
tures: Xpl

l .
5: From Y, draw the measured binding affinities of the complexes in the sample XP

l : Yl .
6: Construct a new training set: Dl = {X

pl
l ,Yl}.

7: Learn the current binding affinities by training an FFBP NN model fl on Dl .
8: end for
9: The final prediction of a protein-ligand complex xP is: ŷ= f (xP)= 1

L ∑
L
l=1 fl(xpl )= 1

L ∑
L
l=1 ŷl

4.4.4 BsN-Score: Ensemble neural networks through boosting

Boosting is an ensemble machine-learning technique based on a stage-wise fitting of base learners.

The technique attempts to minimize the overall loss by boosting the complexes having highest

predicted errors, i.e., by fitting NNs to (accumulated) residuals made by previous networks in

the ensemble model. There are several different implementations of the boosting concept in the

literature. The differences mainly arise from the employed loss functions and treatment of most

erroneous predictions. Our proposed NN boosting algorithm in this work is a modified version of

the boosting strategy developed by Cao et al. [109] and Friedman [92] in that we perform random

feature subset sampling. This approach builds a stage-wise model as listed in Algorithm 4 and

illustrated in Figure 4.2. The algorithm starts by fitting the first network to all training complexes.

A small fraction (ν < 1) of the first network’s predictions is used to calculate the first iteration

of residuals Yres
1 as shown in Step 3 of Algorithm 4. Step 3 also shows that the network f1 is

the first term in the boosting additive model. In each subsequent stage l, a network is trained on
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Figure 4.1: BgN-Score: ensemble neural network SF using bagging approach.

a bootstrap sample of the training complexes described by a random subset pl of features (Steps

5 and 6). The values of the dependent variable of the training data for the network l are the

current residuals corresponding to the sampled protein ligand complexes. The residuals for a
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network at each stage are the differences between previous stage residuals and a small fraction of its

predictions. This fraction is controlled by the shrinkage parameter ν < 1 to avoid any overfitting.

Network generation continues as long as the number of networks does not exceed a predefined

limit L. Each network joins the ensemble with a shrunk version of itself. In our experiments, we

fixed the shrinkage parameter to 0.001 which gave the lowest out-of-sample error. We refer to this

boosting-based ensemble SF as BsN-Score.

Algorithm 4 Algorithm for building BsN-Score: an ensemble NN SF using boosting

1: Input: training data D = {XP,Y}, where XP = {xP
1 , . . . ,x

P
N}, Y = {y1, . . . ,yN}, and N is the

number of training complexes.
2: Construct D1 = {Xp1,Y} from XP by selecting a random subset p1 of features.
3: Train an FFBP NN model f1 on D1 and use it to predict BAs (Ŷ1) of the complexes Xp1 .

Calculate the residuals: Yres
1 = Y−νŶ1.

4: for l = 2 to L do
5: Draw a bootstrap sample XP

l from XP.
6: Characterize the complexes in the bootstrap sample XP

l using a random subset pl of fea-
tures: Xpl

l .
7: From Yres

l−1, draw the residuals corresponding to the complexes in the sample XP
l : Yres∗

l−1 .

8: Construct a new training set: Dl = {X
pl
l ,Yres∗

l−1}.
9: Learn the current residuals by training an FFBP NN model fl on Dl .

10: Calculate the predictions Ŷl of the NN model fl on all Xpl training complexes in the
original training set D.

11: Update the residuals: Yres
l = Yres

l−1−νŶl
12: end for
13: The final prediction of a protein-ligand complex xP is: ŷ = f (xP) = ∑

L
l=1 ν fl(xpl ) = ∑

L
l=1 ν ŷl

4.4.5 Improving speed and accuracy of ensemble neural networks via transfer learning

The bagged and boosted ensemble neural networks proposed in this work involves building large

number of wide and deep networks to accurately model the complex binding problem. Before

training, the weights of each network in these ensemble models are initialized randomly and inde-

pendently from one another. Tens of thousands of training steps are then applied to each network to

learn the residuals made by the previous networks. We propose a more efficient boosting algorithm

in which optimized weights from a trained network are used as initial weights for the next network
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Figure 4.2: BsN-Score: ensemble neural network SF using boosting approach.

to be trained (W i
l = W o

l−1). The process of transferring knowledge from one model to another on

a related problem is known as transfer learning. The networks whose weights are initialized with

values transferred from optimized NNs are faster to train than initializing them randomly. Also,

they tend to improve upon the performance of the networks from which the weights are initialized.

Depending on the particular training data, our neural networks typically require tens of thou-

sands of training steps (S) for their weights to converge. In each step, a random subset of training

data are predicted by the network with its current weights. The prediction errors made on these

examples are used by the back-propagation algorithm to update the weights. These random sub-

sets of protein-ligand complexes are known as mini-batches and their sizes are set to b = 50 data

points in our experiments. For a boosted ensemble model with L neural networks, the training

time is proportional to the number of steps S, mini-batch size b, and the number of networks L

as T ∝ SbL. Using transfer learning, we could cut the number of training steps to few thousand

(s < S) for networks whose initial weights are transferred from their predecessors (W i
l =W o

l−1). If

we initialize weights randomly once after every t networks, we could have L/t networks initial-

ized randomly and as many as L−L/t nets initialized with optimal or suboptimal weights. As a
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result, the training time T ∗ of a boosting model with weight transfer is defined by the equation

T ∗ ∝ SbL/t + sb(L−L/t). Since the number of training steps (s) of optimally or sub-optimally

initialized networks is a fraction f (typically 10 to 15%) of those initialized randomly, we could

substitute f S for s in the equation defining T ∗. After this substitution (s = f S), we could easily

calculate the speedup from transfer learning:

speedup =
T ∗

T
=

t
1+ f (t−1)

.

For a boosted neural network without weight transfer (i.e., when t = 1), we gain no speedup.

The speedup is also one when the number of training steps is equal for both types of initializing

approaches (i.e., s = S and therefore f = 1). On the other hand, with setting t = 30 and f = 0.2,

we get a speedup of more than 4x. For a regular boosted neural network that takes 8 hours to train,

we could train it in less than 2 hours with transfer learning without affecting accuracy.

In our experiments, we attempt to strike a balance between model diversity and speed of train-

ing via transfer learning. The networks whose weights are initialized randomly tend to be less

correlated amongst each other (i.e., more diverse) than those that share their initial weights. How-

ever, the diverse ensemble model is slower to train than the latter. Therefore, our BsN-Score and

BgN-Score SFs are composed of 300 networks, 20% of which with weights randomly initialized

and the other 80% started with optimized weights. Networks benefiting from transfer learning must

use the same input descriptors (pl) that the optimal-weight-donating networks utilize pl = pl−1.

Otherwise, the transferred initial weights would be effectively random and the training process

would be slower.

4.4.6 Neural networks and other machine-learning scoring functions

In order to investigate the effectiveness of ensemble NN SFs in comparison to traditional NN mod-

els and ensemble decision-tree models, as well as linear regression, we trained and tested BgN-

Score, BsN-Score, a single deep neural network SF referred to as DNN-Score, RF, BRT, XGB,

SVM, kNN, MARS, and MLR SFs on training and test datasets sampled from PDBbind complexes
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according the procedures described in Section 2.1. Our neural network and other machine-learning

SFs are trained and tested on complexes characterized by the multi-perspective descriptors derived

using the proposed DDB platform from 4 and 16 (in case of PDBbind 2007 and PDBbind 2014,

respectively) different sources as described in Chapter 3. The parameters of these SFs were tuned

in a consistent manner to optimize the mean-squared prediction errors on validation complexes

sampled without replacement from the training set and independent of the test sets. Out-of-bag in-

stances were used as validation complexes for BgN-Score and RF, while a ten-fold cross-validation

was conducted for BsN-Score, DNN-Score, and other ML SFs. Out-of-bag (OOB) refers to com-

plexes that are not sampled from the training set when bootstrap sets are drawn to fit individual

NNs in BgN-Score models or decision trees in RF—on average, about 34% of the training set

complexes are left out (or “out-of-bag”) when bootstrap sets are drawn. The parameters that are

tuned and their optimized values are as follows:

1. L: the number of base learners (neural networks in ensemble NN SFs) was set to 300.

2. |p|: the size of the feature subset p randomly selected from the overall set of features P while

constructing each neural network in ensemble NN SFs. This was set to d33%e of the total

number of feature for ensemble NN SFs. The number of input neurons for DNN-Score is set

to the full set of input descriptors since this model does not sample the input features. All

NN SFs have one output neuron per network that produces the binding affinity score.

3. H +1: the number of hidden-layer neurons in NN SFs was set to 150%, 100% and 50% of

the number of neurons in the input layer.

4. The activation function for hidden layers is the rectified linear unit [110].

5. ν : the shrinkage parameter for BsN-Score models was set to 0.001.

6. The initial weights of each layer were randomly sampled from a normal distribution with

zero mean and variance of 1/(ni +no); where ni and no are the number of input and output

neurons for the layer being initialized, respectively [111].
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7. Adaptive Moment Estimation (also known as Adam) variant of stochastic gradient descent

algorithm was used to update the weights during training [112]. We use TensorFlow’s im-

plementation for Adam optimization algorithm [43].

8. A total of 50000 training batches (parameter optimization steps) and a batch size of 50

random complexes were used to optimize the weights for each network in the ensemble and

single NN SFs. The training process of a network is terminated earlier if the moving-average

of validation loss (RMSE) does not decrease for 1000 successive steps. Twenty-percent of

the training data of each network is held aside before the training starts as an out-of-sample

validation set to enable early stopping.

9. The number of regression trees for Random Forest model was set to 3000.

10. During fitting each tree in the ensemble, a random subset of 12 are considered when expand-

ing each node in the tree. A random subset is sampled for each node from the 36 RF-Score’s

geometric descriptors.

The parameter optimal values of the other ML SFs trained on PDBbind 2007 are listed in Ta-

ble 4.1. We distinguish them from each other using the notation ML model::tools used to calculate

features. For instance, BsN-Score::XA implies that the SF is a boosted ensemble neural networks

model that is trained and tested on complex sets described by XA features. For brevity, for each of

DNN-Score, BgN-Score, BsN-Score, RF, BRT, SVM, kNN, MARS, and MLR models, we report

results only for the feature combination (out of the fifteen possible) that yields the best performance

on the validation complexes sampled without replacement from the training data and independent

of the test set.
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Table 4.1: Optimal parameter values for MARS, kNN, SVM, RF, and BRT models

Model Parameter Feature set

X A R G XA XR XG AR AG RG XAR XAG XRG ARG XARG

MARS Degree 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Penalty 2 6 5 6 7 2 6 7 6 5 6 7 6 5 6

kNN k 15 13 14 16 9 19 17 19 18 17 18 19 17 18 19
q 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

SVM C 2 2 1 1 1 4 1 2 2 1 1 2 2 1 2
ε 0.5 0 0.250 0.250 0.125 0.125 0.250 0.250 0.250 0.125 0.250 0.125 0.125 0.125 0.250
σ 1 0.25 0.125 0.250 0.250 0.031 0.031 0.031 0.125 0.031 0.125 0.031 0.031 0.031 0.031

RF mtry 3 18 8 7 31 5 8 10 16 17 14 20 21 25 35
BRT Interaction depth 15 17 18 16 19 15 18 19 17 16 16 20 18 17 20

Number of trees 1114 1523 1573 1208 1371 2113 1610 2950 2181 2303 2213 2590 2854 2921 2859

4.5 Results and discussion

4.5.1 Evaluation of scoring functions in binding affinity prediction and ligand ranking

Scoring power of SFs quantifies their ability to accurately predict protein-ligand binding affin-

ity or reproduce it for complexes with known experimental BA data. The similarity between the

predicted and measured BAs are calculated using Pearson’s (Rp) and Spearman’s (Rs) correlation

coefficients, the standard deviation (SD) of errors, and the root-mean square-error (RMSE). Pear-

son’s correlation coefficient measures the linear relationship between two variables as follows:

Rp =
∑

N
i=1

[(
ŷi− ¯̂y

)(
yi− ȳ

)]√
∑

N
i=1
(
ŷi− ¯̂y

)2
∑

N
i=1
(
yi− ȳ

)2 ,
where N is the number of complexes and ŷi and yi are the predicted and measured binding affinities

of the i-th complex, respectively. The average values of the predicted and experimentally measured

affinities for all complexes are ¯̂y and ȳ, respectively. Spearman’s correlation coefficient is used to

evaluate the correlation between the predicted and measured BAs in terms of their ranks and it is

defined as follows:

Rs = 1−
6∑

N
i=1 d2

i
N
(
N2−1

) ,
where di is the difference in ranks of the predicted and measured affinities of the i-th complex.

The SF that achieves the highest correlation coefficient (maximum is one) for some dataset is

considered more accurate than its counterparts that realize smaller Rp and/or Rs values (minimum
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is negative one). Another measure of scoring power we report here is the standard deviation (SD)

of errors between predicted and measured BAs (in − logKi or − logKd units). To calculate this

statistic for a given SF, a linear model that correlates predicted scores Ŷ to the measured ones Y

is first evaluated: Y = β0 + β1Ŷ , where β0 and β1 are the intercept and the slope of the model,

respectively. The SD statistic can then be computed as follows [98]:

SD =

√√√√∑
N
i=1

(
yi−

(
β0 +β1ŷi

))2

N−2
.

The root-mean square-error (RMSE) of the predicted scores is calculated as:

RMSE =

√
∑

N
i=1
(
yi− ŷi

)2
N

.

SFs that yield smaller SD and RMSE values usually realize higher Rp and Rs values, and therefore

have higher scoring power than models with large SD and RMSE statistics.

Calculating the ranking power for an SF on the core test set is straightforward due to its con-

struction (see Section 2.1.1 for more information about this set). First, each protein-ligand complex

is scored. Then, for each protein cluster (i.e., the three protein-ligand complexes associated with a

common protein), complexes are ordered according to their predicted binding affinity scores. Any

given cluster is considered correctly ranked if its predicted-affinity-based order matches its corre-

sponding measured-affinity-based order. We denote this order by “1-2-3” which implies that the

strongest-binding ligand is ranked as the first candidate drug, the second strongest binding one is

ranked second by the SF, and the weakest binder is ranked last—the number in the ordering corre-

sponds to the true measured rank and the position in the ordering corresponds to the predicted rank.

The percentage of clusters with “1-2-3” ordering is referred to as the 1-2-3 ranking rate, denoted

by R1-2-3, and is used as a measure of the ranking power of a given scoring function as in [17]. In

order to more fully capture ranking accuracy, we also report rates for other rankings and use similar

notation for them. For example, “1-3-2” implies that the actual second- and third-ranked ligands

are incorrectly ranked while the first one is correctly identified as the strongest binder among the

three candidates—the percentage of such clusters with such an ordering is referred to as the 1-3-2
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ranking rate and denoted by R1-3-2. We also report the success rates of different SFs in identi-

fying the strongest binder for each cluster (i.e., their 1-X-X ranking rates, R1-X-X). We also use

the Spearman correlation coefficient (denoted by Rs) to measure ranking accuracy on test samples

other than the core test set.

4.5.2 Ensemble neural networks vs. other approaches on a diverse test set

In this section, we examine the binding affinity prediction performance of several machine-learning

and conventional scoring functions on protein-ligand complexes obtained from two versions of

PDBbind. In the first, we evaluate the performance of 9 machine-learning scoring functions (in-

cluding neural network models) and 17 conventional approaches on the 2007 release of PDBBind.

This set of experiments was conducted prior to the development of our multi-perspective descriptor

extraction platform DDB. Therefore, we only use a subset of 4 descriptor types based on X-Score,

RF-Score, Affi-Score, and GOLD type features. In the second set of experiments, we train and

evaluate scoring functions on complexes from PDBbind 2014 characterized by over 2700 descrip-

tors extracted from 16 different sources (perspectives) in DDB.

4.5.2.1 Scoring performance on diverse protein families from PDBbind 2007

We trained three neural network SFs (DNN-Score, BgN-Score, and BsN-Score) and six other

machine-learning scoring models (RF, BRT, SVM, kNN, MARS, MLR) on the primary (Pr) train-

ing set and evaluated their scoring performance on an independent test set of 195 diverse protein-

ligand complexes from 65 different protein families (refer to Section 2.1 for more details about

these sets). Both the training and test set complexes are obtained from the 2007 version of PDB-

bind.

Table 4.2 lists the scoring and ranking powers of these models and the same performance statis-

tics of the seventeen conventional SFs evaluated on the same test set. We also report the scoring

performances of NN and the other ML SFs on the training set Pr by using out-of-sample valida-

tion to show how close the predicted BAs are to the experimentally-measured ones in terms of
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RMSE. Therefore, this statistic indicates whether SFs deemed accurate on training data will also

be reliable scoring models on the test set Cr. This measure was not calculated for the conventional

SFs (except X-Score) since we do not have access to the BA values of their training sets. All the

scoring and ranking power metrics indicate that our proposed SFs and the ensemble decision-tree-

based models are the most accurate in predicting the binding affinities and the correct ranks of the

independent test set complexes and out-of-sample training data. BsN-Score outperforms the most

accurate conventional SF, X-Score::HMScore, by at least 26% in terms of Pearson’s correlation co-

efficients, which is 0.816 and 0.644 for both SFs, respectively. BgN-Score also achieves excellent

performance of 0.808 which is about 25% improvement over X-Score::HMScore.

As for the ranking power, we notice that all SFs are able to identify the top binder (see 1-X-X

ranking rate) in a majority of the clusters. However, ordering the three ligands correctly within a

cluster (1-2-3 ranking rate) is much more challenging for scoring models. In fact, less than half

of the SFs are capable of correctly ranking 50% or more of the protein-family clusters. Ensemble

learning based scoring models (i.e. BsN-Score, BgN-Score, BRT, and RF) top the list by achieving

1-2-3 ranking rates of 60.0% (39 clusters) for BgN-Score and upto 64.6% (42 clusters) achieved

by BsN-Score. SVM model fitted to XAR features comes in fifth place by identifying the correct

order of 37 clusters. BsN-Score, BgN-Score, BRT, RF, and SVM also yield the highest Rs and Rp

values on the core set and lowest RMSE values on the training data compared to the other models.

There are two main reasons for the superior performance of ensemble SFs. First, our proposed

multi-perspective interaction modeling result in more numerous and varied features that more fully

characterize protein-ligand interactions. Thus we find that BsN-Score, BgN-Score, BRT, and RF

SFs employing all four features types considered (X, A, R, and G features) are more accurate than

the same SFs employing fewer features. Second, the learning model of ensemble SFs is nonlinear

and flexible and can exploit a large number of features while being resilient to overfitting. Thus we

find that DNN-Score::X (for which Rp = 0.675) is more accurate compared to the versions of DNN-

Score employing one of A, R, or G features only as well as DNN-Score::XARG (for which Rp =

0.517) because single neural network models overfit the training complexes when characterized by
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Table 4.2: Comparison of the scoring and ranking powers of the proposed and 17 conventional
scoring functions on the diverse protein-ligand complexes of PDBbind 2007 core (Cr) test set.

Scoring Functions N1 Scoring Power Ranking Power (in %)

Rp2 Rs3 SD4 RMSEtest
5 RMSEtrain

6 R1-2-3 R1-3-2 R1-X-X
BsN-Score::XARG 195 0.816 0.800 1.38 1.386 1.366 64.6 13.8 78.4
BRT::XARG 195 0.810 0.798 1.40 1.485 1.425 63.1 10.8 69.3
BgN-Score::XARG 195 0.808 0.799 1.40 1.449 1.403 60.0 15.4 75.4
RF::XARG 195 0.804 0.790 1.43 1.498 1.442 63.8 6.2 70.0
SVM::XAR 195 0.773 0.793 1.51 1.490 1.580 56.9 21.9 78.8
kNN::XA 195 0.740 0.731 1.61 1.52 0 1.600 44.6 18.5 63.1
MARS::XAR 195 0.710 0.740 1.68 1.66 0 1.680 44.6 15.4 60.0
MLR::XA 195 0.689 0.730 1.73 1.700 1.790 41.5 21.5 63.0
DNN-Score::X 195 0.675 0.685 1.76 1.760 1.704 33.8 29.2 63.0
X-Score::HMScore 195 0.644 0.705 1.83 1.865 1.730 54.7 15.6 70.3
DrugScoreCSD 195 0.569 0.627 1.96 – – 51.6 21.9 73.4
SYBYL::ChemScore 195 0.555 0.585 1.98 – – 46.9 25.0 71.9
DS::PLP1 195 0.545 0.588 2.00 – – 54.7 15.6 70.3
GOLD::ASP 195 0.534 0.577 2.02 – – 43.8 21.9 65.6
AffiScore 195 0.521 0.505 2.06 – – 38.5 12.3 50.8
SYBYL::G-Score 195 0.492 0.536 2.08 – – 46.9 25.0 71.9
DS::LUDI3 195 0.487 0.478 2.09 – – 45.3 21.9 67.2
DS::LigScore2 193 0.464 0.507 2.12 – – 35.9 25.0 60.9
GlidScore-XP 178 0.457 0.435 2.14 – – 34.4 29.7 64.1
DS::PMF 193 0.445 0.448 2.14 – – 40.6 18.8 59.4
GOLD::ChemScore 178 0.441 0.452 2.15 – – 35.9 21.9 57.8
SYBYL::D-Score 195 0.392 0.447 2.19 – – 46.9 20.3 67.2
DS::Jain 189 0.316 0.346 2.24 – – 42.2 31.3 73.4
GOLD::GoldScore 169 0.295 0.322 2.29 – – 23.4 26.6 50.0
SYBYL::PMF-Score 190 0.268 0.273 2.29 – – 39.1 21.9 60.9
SYBYL::F-Score 185 0.216 0.243 2.35 – – 29.7 25.0 54.7

1 Number of complexes in Cr with positive (favorable) binding scores using this SF [17].
2 Rp is the Pearson correlation coefficient between predicted and measured BA values of complexes in Cr.
3 Rs is the Spearman correlation coefficient between predicted and measured BA values of complexes in

Cr.
4 SD is the standard deviation of errors between predicted and measured BA values of complexes in Cr

based on Equation 3 in [98].
5 RMSE is the root-mean-square of errors between predicted and measured BA values of the test complexes

in Cr. Test RMSE is not available for conventional SFs except for X-Score::HMScore that we have re-
constructed.

6 RMSE is the root-mean-square of errors between predicted and measured BA values of out-of-sample
complexes in the training set Pr. Training RMSE is not available for conventional SFs except for X-
Score::HMScore that we have re-constructed.
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a large number of features. We attempted to decrease the effect of overfitting by conducting feature

reduction using PCA which helped increase the performance of DNN-Score::XARG to Rp = 0.667.

However, the predictions of DNN-Score::XARG are still substantially less accurate than those of

BsN-Score::XARG and BgN-Score::XARG even though the first 10 principle components we used

to calculate the 10 new features explain more than 99.7% of the total variance in the raw XARG

features. Further, the significance of the ensemble modeling approach can be gauged from the fact

that even with a single type of feature, BsN-Score::A and BgN-Score::A yield accuracies of Rp =

0.780 and 0.775, respectively, which are within ∼ 4% of the accuracies of BsN-Score::XARG and

BgN-Score::XARG.

Table 4.2 also shows that the ensemble NNs SFs BsN-Score::XARG and BgN-Score::XARG

are more accurate than their counterparts of decision-trees-based ensemble SFs, BRT::XARG and

RF::XARG, though the latter comes a close second and forth (Rp = 0.816 and R1-2-3 = 64.6%

achieved by BsN-Score vs. 0.810 and 63.8% realized by BRT and RF, receptively). Note that the

boosting model BRT corresponds to BsN-Score and RF is the bagging analog of BgN-Score. We

believe the difference in performance between neural-networks and decision-trees based ensem-

ble models, although small, is mainly attributable to the way the base learners of these ensemble

models approximate the unknown function. Decision trees model the unknown function by parti-

tioning training data into smaller subsets from which a prediction is calculated. Such a procedure

creates a series of non-overlapping regions with axis-parallel decision boundaries. The numerical

values associated with each region are typically the average BA of the training data subset be-

longing to that partition which could be significantly different from the neighboring regions. This

could create a rough and abrupt approximation of the unknown function. On the other hand, NNs

with hidden units can closely and smoothly model any nonlinear continuous function. In addition,

hidden neurons may create new important features that would otherwise be impossible to extract

directly from protein-ligand complexes. These two factors minimize the bias error of NN models,

but may lead to increased variance or instability as in the case of single neural network SFs. The

proposed boosting and bagging ensemble learning approaches greatly reduce the variance error.
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Such simultaneous reduction in bias and variance errors makes the ensemble NN SFs the most

accurate BA predictors compared to the other scoring functions listed in Table 4.2.

4.5.2.2 Scoring performance on diverse protein families from PDBbind 2014

In the second set of experiments, we use the 2014 release of PDBbind training and test datasets

described in Sections 2.1 for building and evaluating three neural network SFs (DNN-Score, BgN-

Score, and BsN-Score), the Random Forest SF RF-Score, and the empirical scoring function X-

Score. The neural network scoring functions are trained and tested on complexes characterized

by 2714 multi-perspective descriptors using the proposed descriptor platform DDB. The Random

Forest scoring function RF-Score uses 36 geometrical features of atomic pair-wise counts while

the empirical model X-Score employs 6 physiochemical descriptors as energy terms.

After training them, the five SFs are then tested on the out-of-sample (OOS) core test set (Cr) of

familiar (or known) targets, OOS cross-validation (CV) sets of partially familiar targets, and OOS

leave-clusters-out (LCO) sets of novel targets. In these three training-test sampling scenarios, the

protein-ligand complex as a whole is always out-of-sample (OOS) and is never present in the

training data of the five SFs. A scoring function is considered familiar with a protein target if it

was part of its training data even though the protein is bound to a ligand different from the one it

binds to in the test set. Figure 4.3 shows the scoring powers of the five SFs in terms of Pearson’s

and Spearman’s correlation coeffients, and normalized root-mean-square-error (NRMSE1). All

three scoring power metrics indicate that our proposed SFs are the most accurate in predicting the

binding affinities of the OOS complexes in the three training-test sampling scenarios. The average

correlation coefficients of ten versions of the five SFs on the familiar targets test set Cr reveal that

BsN-Score and BgN-Score outperform the most accurate empirical SF, X-Score, by at least 34%

in terms of Pearson’s correlation coefficients Rp, which is 0.844, 0.840, and 0.627 for the three

SFs, respectively. BsN-Score and BgN-Score also achieve better scoring accuracy than RF-Score

1NRMSE = RMSE/(BAmax−BAmin), where BAmax = 11.96 and BAmin = 2.00 are the largest
and smallest BA values of the training complexes, respectively.
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whose predictions have an average correlations of 0.725 and 0.729 for Cr and CV tests. The single

(i.e., non-ensemble) deep neural network SF, DNN-Score, performs better than RF-Score (0.802

for Cr & 0.773 for CV) but second to the ensemble DNN SFs BsN-Score and BgN-Score. Similar

accuracy trends for the five SFs can also be observed from the other two performance metrics Rs

and NRMSE.

The scoring accuracy of the five SFs drop substantially when they are tested on protein targets

that share no sequence similarity with their training proteins as can be observed from the Leave-

Clusters-Out (LCO) evaluation scenario. However, BsN-Score and BgN-Score can still re-produce

experimental affinity measurements (pKd and pKi) more accurately than the other three SFs. With

correlation coefficient of 0.637, BsN-Score is at least 19% more accurate than DNN-Score, RF-

Score, and X-Score.
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Figure 4.3: The scoring accuracy of the proposed and conventional scoring functions when
evaluated on test complexes with proteins that are either fully represented (Cr), partially
represented (CV), or not represented (LCO) in the SFs’ training data. Training and test
protein-ligand complexes are from the refined set of PDBbind 2014.

The ranking performance of the scoring functions are evaluated on the core test set of PDBbind

2014 and depicted in Figure 4.4. The results in the figure are in line with those summarized in

Table 4.2 for the 2007 core test set. We here observe that all five SFs are also able to identify the

actual top (1-X-X ranking rate) and bottom (X-X-3) binders in more than two thirds of the protein-
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Figure 4.4: The ranking accuracy of the proposed and conventional scoring functions when
evaluated on the core (Cr) test set complexes of PDBbind 2014.

family clusters. Ordering the three ligands correctly within a cluster (1-2-3 ranking rate) is also

much more challenging for scoring models. Neural network SFs top the list again by achieving

1-2-3 ranking rates of 61.5% and 60.0% (40 and 39 clusters) as opposed to 58.0% and 48.3% (38

and 32 clusters) achieved by X-Score and RF-Score, respectively.

The main factors behind the superior performance of BsN-Score and BgN-Score are the learn-

ing algorithm and multi-perspective descriptors we use to characterize protein-ligand complexes.

Deep neural networks are excellent in modeling very complex functions due to the their non-

linearity and capacity. Ensemble learning through boosting and bagging significantly decrease

their variance error and overfitting. Second, our proposed multi-perspective interaction modeling

result in more numerous and divers features that more fully characterize protein-ligand interac-

tions. Thus we find that BsN-Score, BgN-Score, DNN-Score employing all 16 features types are

more accurate than the scoring functions employing only one set of features such as RF-Score and

X-Score.

We conducted another set of experiments on PDBbind 2014 complexes in which we compare

the performance of the proposed ensemble neural network models to ensemble trees SFs. The

neural network and tree based ensemble models were trained and evaluated using the same Cr, CV,
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and LCO training-test sampling strategies whose complexes are also characterized by the same 16

descriptor sets. The only difference between the two types of SFs is the base learner they use to

construct the ensemble (i.e., a neural network versus a decision tree). Our results indicate that

the neural network SFs BsN-Score and BgN-Score are more accurate than their counterparts of

decision-trees SFs based on XGBoost and Random Forests (RF). The boosted trees-based SF, we

coin as BT-Score, comes a close second to BsN-Score and BgN-Score with Rp = 0.830 and R1-2-3 =

60% on the core test set Cr. Note that the boosting model BT-Score corresponds to BsN-Score and

RF is the bagging analog of BgN-Score. The result on the 2014 version of PDBbind confirms our

finding on the 2007 release that the performance gap between neural-networks and decision-trees

based ensemble models is mainly due to their superior approximation of the unknown function that

govern the molecular binding process.

4.5.3 Ensemble neural networks vs. other approaches on homogeneous test sets

4.5.3.1 Scoring performance on four protein families from PDBbind 2007

It has been observed that around 92% of existing drug targets are similar to proteins already

present in the Protein Data Bank, which is the primary source of our training and validation com-

plexes [113]. Based on this finding and the similar overlap relationship between training and test

set proteins in the core test set experiment in Section 4.5.2.1, we believe that the scoring perfor-

mance of the SFs listed in Table 4.2 should be expected in typical molecular docking and virtual

screening campaigns. For each protein family in PDBbind’s core test set, there is at least one pro-

tein family in the primary training set of our proposed NN and the six other ML SFs, but the two

sets share no protein-ligand complexes when these pairs of compounds are considered as whole

biological units. We describe here a more stringent experiment to assess the generalization of the

NN, RF, BRT, SVM, kNN, MARS and MLR SFs when they are applied to score ligands for novel

drug targets. In this experiment, we evaluate the BA predictive accuracy of the NN SFs on four

protein families not present in their training set. These protein families are the most frequent in
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the 2007 version of PDBbind which includes 112 HIV protease, 73 trypsin, 44 carbonic anhy-

drase, and 38 thrombin complexes. A test set for each of these protein families was constructed by

sampling all complexes formed by that protein from the training (Pr) and the test (Cr) sets. The

training complexes corresponding to each of these four test sets are the remaining protein-ligand

pairs in Pr. For each protein family, we fitted the proposed models to the corresponding indepen-

dent training complexes and validated them on the test set complexes that are formed between that

type of protein and a unique set of co-crystallized ligands. The prediction accuracy of our proposed

models and the top four conventional scoring functions on complexes formed by the four protein

types are shown in Table 4.3.

Examining the upper portion of the table for the four families where the test and training sets

are disjoint for the NN and the other 6 ML SFs, we notice that the predictive accuracy of all SFs

varies from poor to good depending on the protein family. Predictions of all SFs have mediocre cor-

relation with the experimental binding affinities for the ligands that bind to HIV protease proteins.

The highest Pearson’s correlation value between predicted and true BAs is 0.465, which is the case

for the ML scoring function MARS::X. Improper characterization of enthalpic and entropic forces

for HIV protease complexes could be the main reason for these erroneous predictions [17]. The

significant conformational changes observed during binding as well as the lack of similar proteins

in the training set could also result in such inaccurate estimations for BA. The scoring accuracy on

the other three protein families is substantially better. The binding affinities for ligands bound to

trypsin were predicted with an accuracy of at least Rp = 0.842; and again with a scoring function

based on MARS. Discovery Studio’s empirical SF PLP2 shows the highest accuracy on the car-

bonic anhydrase dataset with a linear correlation value of 0.800. The most accurate models on the

thrombin test set are the NN and several other ML based SFs with Rp values of about 0.700 and

better, followed by the conventional scoring functions.

It can be observed that the SF based on a single NN, DNN-Score, performs relatively poorly

overall, except in one case. In some of these test sets, a few conventional SFs perform better than

the ensemble NN SFs. This behavior can be attributed to the possibility of some overlap between

82



Table 4.3: Comparison of the scoring and ranking accuracies of scoring functions on four
protein-family-specific tests sets derived from the refined set of PDBbind 2007.

HIV protease (N = 112) Trypsin (N = 73)

Scoring function Rp
1 Rs

1 SD1 RMSE1 D2 Scoring function Rp
1 Rs

1 SD1 RMSE1 D2

MARS::X 0.465 0.467 1.384 1.405 Y MARS::XARG 0.842 0.825 0.910 1.269 Y
MLR::G 0.463 0.470 1.452 1.486 Y kNN::XA 0.833 0.782 0.936 0.970 Y
BRT::A 0.403 0.281 1.500 1.621 Y SYBYL::ChemScore 0.829 0.773 0.950 – U
BgN-Score::A 0.388 0.340 1.511 1.817 Y SVM::XA 0.826 0.821 0.953 1.029 Y
kNN::XG 0.386 0.306 1.512 1.641 Y DS::Ludi2 0.823 0.791 0.960 – U
SVM::G 0.350 0.313 1.535 1.706 Y X-Score::HSScore 0.817 0.824 0.970 1.401 N
X-Score::HPScore 0.341 0.339 1.540 1.509 N DS::PLP2 0.797 0.774 1.020 – U
BsN-Score::XARG 0.290 0.230 1.560 1.705 Y BsN-Score::AR 0.793 0.727 1.080 1.119 Y
RF::XARG 0.289 0.219 1.519 1.719 Y MLR::XG 0.783 0.786 1.050 1.370 Y
SYBYL::ChemScore 0.255 0.228 1.580 – U BgN-Score::XAR 0.778 0.728 1.060 1.070 Y
DrugScore::PairSurf 0.225 0.170 1.590 – U RF::XAR 0.774 0.753 1.070 1.133 Y
DS::PMF04 0.183 0.200 1.610 – U BRT::XA 0.771 0.748 1.076 1.128 Y
DNN-Score::X 0.039 0.048 1.640 2.255 Y DNN-Score::X 0.735 0.672 1.140 1.209 Y

BRT::A 0.989 0.996 0.243 0.263 N BRT::XAG 0.969 0.961 0.420 0.425 N
BsN-Score::XARG 0.979 0.980 0.405 0.410 N BsN-Score::XA 0.968 0.961 0.424 0.429 N
BgN-Score::XA 0.968 0.977 0.445 0.598 N SVM::A 0.965 0.979 0.445 0.454 N
RF::XARG 0.965 0.975 0.440 0.588 N BgN-Score::XAG 0.950 0.966 0.439 0.475 N
SVM::A 0.964 0.978 0.438 0.440 N kNN::XA 0.936 0.926 0.596 0.610 N
kNN::XA 0.842 0.797 0.883 0.905 N RF::XAG 0.934 0.928 0.600 0.657 N
DNN-Score::X 0.748 0.716 1.080 1.085 N MARS::XAR 0.861 0.828 0.861 0.953 N
MARS::XR 0.619 0.587 1.287 1.292 N MLR::XARG 0.806 0.795 1.001 1.136 N
MLR::RG 0.522 0.554 1.398 1.393 N DNN-Score::X 0.829 0.789 0.940 0.957 N

Carbonic anhydrase (N = 44) Thrombin (N = 38)

Scoring function Rp
1 Rs

1 SD1 RMSE1 D2 Scoring function Rp
1 Rs

1 SD1 RMSE1 D2

DS::PLP2 0.800 0.772 0.840 – U DNN-Score::X 0.756 0.704 1.380 1.433 Y
MLR::XR 0.729 0.634 0.954 2.969 Y BRT::XG 0.738 0.722 1.429 1.432 Y
BRT::A 0.721 0.631 0.965 3.508 Y BsN-Score::X 0.730 0.710 1.449 1.586 Y
MARS::G 0.706 0.651 0.986 2.777 Y BgN-Score::XAG 0.723 0.726 1.465 1.562 Y
SYBYL::G-Score 0.706 0.646 0.990 – U kNN::XG 0.713 0.722 1.487 1.586 Y
SYBYL::ChemScore 0.699 0.631 1.000 – U MARS::X 0.704 0.644 1.505 1.588 Y
SVM::G 0.695 0.598 1.001 2.919 Y RF::XARG 0.697 0.693 1.520 1.674 Y
BsN-Score::X 0.674 0.434 1.030 3.418 Y MLR::XG 0.674 0.624 1.566 1.681 Y
BgN-Score::XA 0.669 0.527 1.030 3.541 Y DS::PLP1 0.667 0.672 1.580 – U
kNN::XAG 0.661 0.616 1.045 3.793 Y SYBYL::G-Score 0.667 0.626 1.580 – U
DNN-Score::X 0.631 0.451 1.080 3.561 Y X-Score::HSScore 0.666 0.586 1.580 1.737 N
SYBYL::PMF-Score 0.627 0.618 1.090 – U DrugScore::Pair 0.651 0.622 1.611 – U
RF::XARG 0.601 0.374 1.112 3.393 Y SVM::X 0.647 0.575 1.615 1.607 Y

BRT::A 0.988 0.979 0.214 0.218 N BRT::XG 0.975 0.989 0.471 0.548 N
BsN-Score::XARG 0.948 0.921 0.441 1.004 N BsN-Score::XA 0.955 0.976 0.637 0.747 N
SVM::A 0.946 0.974 0.451 0.455 N SVM::XA 0.927 0.948 0.793 0.820 N
RF::XARG 0.910 0.860 0.57 1.140 N RF::XARG 0.910 0.934 0.860 1.125 N
kNN::RG 0.896 0.827 0.619 0.613 N BgN-Score::XA 0.901 0.935 0.920 1.113 N
BgN-Score::XARG 0.884 0.766 0.650 1.320 N kNN::XA 0.859 0.873 1.084 1.175 N
MARS::XR 0.785 0.694 0.862 0.974 N DNN-Score::X 0.761 0.756 1.371 1.374 N
MLR::AR 0.794 0.762 0.845 1.039 N MARS::XR 0.746 0.691 1.412 1.449 N
DNN-Score::X 0.652 0.310 1.050 1.687 N MLR::XRG 0.724 0.638 1.463 1.553 N

1 Rp and Rs are the Pearson and Spearman correlation coefficients between predicted and measured BA values of complexes in
this protein-family-specific test set, respectively. SD and RMSE are the standard deviation and the root-mean-square of errors
between predicted and measured BA values of complexes in this protein-family-specific test set, respectively.

2 This indicates whether the test set complexes are disjoint from (D = Y) or overlap with (D = N) the training set complexes for NN

and the six other ML models. Any overlap between the training and test data of the conventional SFs is unknown (D = U) to us.
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the training complexes of the conventional approaches and the four family-specific test sets. As

discussed earlier, the protein families of training and test complexes for the NN and the six other

ML models do not overlap and they are completely disjoint. When we retrain ensemble NN and the

six other ML SFs on the original training set (Pr), which overlaps with the family-specific test sets,

and assess their scoring power on the four homogeneous test sets, we notice that the predictions of

the proposed SFs are near perfect as listed in the lower portion of Table 4.3.

The results listed in Tables 4.2 and 4.3 show the performance of the proposed and conventional

SFs on target proteins when they are partially or fully encountered in their training sets, or com-

pletely novel for them. Therefore, we believe that these results are very useful in estimating the

accuracy of our scoring models given the number of solved structures of the drug target with other

ligands and the availability of their binding data.

We performed another experiment in which the ML SFs were calibrated with training sets

containing some known binders to the protein target and assessed their scoring ability on an in-

dependent test set of complexes that all feature the protein target, but bound to different ligands.

Since HIV protease complexes are the most abundant in our dataset and they have proved to be

the most challenging in the previous experiment (see the upper portion of Table 4.3), we focus on

them. Also, we only consider ML SFs in this and subsequent experiments since for the conven-

tional 17 SFs we do not have access to their full training set BA values; in these cases, the MLR

model, due its linear nature, can be considered representative of empirical SFs [63, 56].

The SFs based on RF, BRT, SVM, kNN, MARS, and MLR are trained using X, A, R, and

XAR features on a training set that includes a randomly selected (without replacement) x% of the

112 complexes (more precisely, bx× 112/100c complexes) from the HIV protease homogeneous

test set2. The remaining complexes in the training set are the non-HIV-protease complexes in Pr,

except that as many of them as the number of the added HIV complexes are randomly excluded

2This experiment was conducted before considering the G-type features and developing the
Neural Network based models, therefore they are not included here. However, we expect the
performance trends of BsN-Score and BgN-Score to be similar to that of BRT and RF SFs, respec-
tively.
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(b) Complexes characterized with A features.
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(c) Complexes characterized with R features.
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(d) Complexes characterized with XAR features.
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Figure 4.5: Dependence of scoring performance of machine-learning scoring functions on the
number of HIV protease complexes in their training set. They are evaluated on out-of-sample
HIV protease complexes from the refined set of PDBbind 2007.

from the training set. This means that the size of the training set is fixed and equals the number

of non-HIV-protease complexes in Pr. Another different 20% of the 112 HIV protease complexes

(more precisely, d0.2×112e= 23 complexes) are randomly selected (without replacement) to form

the test set. This process is repeated 1000 times to obtain a robust average Rp scoring measure for

various values (0,5,10, . . . ,80) of x (i.e., the percentage of HIV protease complexes) for the six

ML models—these are plotted in Figure 4.5.

The performance behavior of ML SFs seems similar across the four feature sets as shown in

panels (a) through (d) of Figure 4.5. There are three other important observations that can be made

from these four panels. First, when the training dataset includes none to very few HIV protease

complexes (roughly up to 5–10% of the total), the simpler linear model MLR ties with or outper-
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forms some of the more sophisticated nonlinear techniques such as SVM, kNN, BRT, MARS, and

RF. This is somewhat similar to that seen earlier in the upper portion of Table 4.3. Second, the RF

model clearly performs the best across the entire range of number of HIV complexes in training

data characterized with XAR features. Other ML SFs such as kNN, SVM, and BRT also show sub-

stantial improvement in performance when trained on larger numbers of HIV complexes. Finally,

MLR, due to its rigid linear nature that resembles that of empirical SFs, is not able to effectively

exploit increasing numbers of HIV complexes in training data to improve its scoring accuracy in

contrast to the other flexible models which show moderate (MARS) to significant improvement

(kNN, RF, BRT, and SVM). For instance, for the XAR feature set (see Figure 4.5-d), the scoring

accuracy of some ensemble models improves by more than 90% (RF) or 140% (BRT) when the

number of HIV complexes increases from 0% to 80%, whereas the corresponding increase in per-

formance for the linear model does not even exceed 11%. A similar trend can also be observed for

the other three feature sets in the other panels.

The analysis of the effectiveness of different regression approaches on specific families of

proteins has very practical benefits in virtual screening and drug discovery. Typically, the task in

drug design is to conduct computational screening of large numbers of ligands against a certain

protein family. The knowledge of the number of known binders to that protein present in the

training set and the characteristic plots of several scoring models (similar to the ones in Figure 4.5)

can aid in the selection of the most effective SF.

4.5.3.2 Scoring performance on four protein families from PDBbind 2014

The Leave-Clusters-Out (LCO) training-test sampling strategy of the 2014 PDBBind complexes

was a stringent experiment to assess the generalization of the proposed and conventional scoring

functions when they are applied to score ligands for novel drug targets. The difficulty of the

prediction was reflected in the performance drop as can be observed in the novel targets panel of

Figure 4.3. As explained in Section 2.1.3, the accuracy statistics reported on the right panel of

Figure 4.3 are the average across several clusters with different protein families and types. In this
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experiment, we again evaluate the BA predictive accuracy of the NN and conventional SFs on the

largest four protein families or clusters. These protein families are the most frequent in PDBbind

2014 which include 262 HIV protease, 170 carbonic anhydrase (CAH), 98 trypsin, and 79 thrombin

complexes. Similar to the experiment on PDBbind 2007 we described in the previous section, a

test set for each of these protein families was also constructed by sampling all complexes formed

by that protein from the 2014 PDBbind refined set. The training complexes corresponding to each

of these four test sets are the remaining protein-ligand pairs. For each protein family, we fitted the

proposed models to the corresponding independent training complexes and validated them on the

test set complexes that are formed between that type of protein and a unique set of co-crystallized

ligands. The prediction accuracy of our proposed models and the conventional scoring functions

on complexes formed by the four protein types are shown in Figure 4.6.

The right panels of the figure depict the scoring performance when the training and test sets are

disjoint (i.e., out-of-sample) for the five scoring functions. It can be observed that the predictive

accuracy of all SFs varies from poor to good depending on the protein family. Predictions of all

SFs have mediocre correlation with the experimental binding affinities for the ligands that bind to

HIV protease and carbonic anhydrase proteins. The highest Pearson’s correlation value between

predicted and true BAs is 0.451 for HIV and 0.524 for CAH, which are obtained by the ensemble

NN scoring function BsN-Score. Complexes formed by HIV protease in the 2007 version of

PDBbind were also challenging to score accurately. However, many of the examined scoring

functions in the previous section were able to correctly re-produce the binding affinity of the 44

carbonic anhydrase complexes of PDBbind 2007. The vast majority of the new complexes in

PDBbind 2014 were not part of the 2007 release which are apparently harder to predict. The

scoring accuracy on the other two protein families in PDBbind 2014 is substantially better. The

binding affinities for ligands bound to trypsin were predicted with an accuracy of at least Rp =

0.820; and again with a scoring function based on BsN-Score. BgN-Score performs almost as

well followed by RF-Score and X-Score whose accuracies are not far behind. BsN-Score and

BgN-Score also show the highest accuracy on the thrombin dataset with a linear correlation value

87



  0
.9

77

  0
.9

77

  0
.9

78

  0
.9

78

  0
.9

67

  0
.9

70

  0
.8

69

  0
.8

72

  0
.5

47

  0
.5

16

  0
.7

69

  0
.7

63

  0
.7

59

  0
.7

56

  0
.6

78

  0
.6

65

  0
.5

54

  0
.5

46

  0
.5

42

  0
.5

14

  0
.9

87

  0
.9

86

  0
.9

84

  0
.9

84

  0
.9

83

  0
.9

84

  0
.8

58

  0
.8

41

  0
.7

69

  0
.7

52

  0
.8

20

  0
.7

95

  0
.8

20

  0
.7

95

  0
.7

60

  0
.7

42

  0
.7

45

  0
.7

01

  0
.7

68

  0
.7

52

  0
.9

77

  0
.9

72

  0
.9

74

  0
.9

67

  0
.9

46

  0
.9

41

  0
.8

97

  0
.8

85

  0
.2

94

  0
.5

26

  0
.5

22

  0
.4

23

  0
.3

91

  0
.3

64

  0
.5

24

  0
.3

06

  0
.2

84

  0
.9

72

  0
.9

69

  0
.9

73

  0
.9

71

  0
.9

30

  0
.9

24

  0
.8

87

  0
.8

86

  0
.4

51

  0
.3

62

  0
.4

64

  0
.4

05

  0
.4

28

  0
.3

71

  0
.2

46

Thrombin (79 in−sample PLCs) Thrombin (79 out−of−sample PLCs)

Trypsin (98 in−sample PLCs) Trypsin (98 out−of−sample PLCs)

CAH (170 in−sample PLCs) CAH (170 out−of−sample PLCs)

HIV (262 in−sample PLCs) HIV (262 out−of−sample PLCs)

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

BsN
−S

co
re

BgN
−S

co
re

DNN−S
co

re

RF−S
co

re

X−S
co

re

BsN
−S

co
re

BgN
−S

co
re

DNN−S
co

re

RF−S
co

re

X−S
co

re

Scoring function

S
co

rin
g 

ac
cu

ra
cy

Accuracy
Rp

Rs

Figure 4.6: Comparison of the scoring and ranking accuracies of scoring functions on four
protein-family-specific tests sets derived from the refined set of PDBbind 2014.

of 0.769. The correlation coefficients of RF-Score and X-Score at 0.554 and 0.542 on this novel

target are substantially less than those obtained by the three neural-network SFs.
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In addition to the out-of-sample evaluation of the five SFs, we also examined their in-sample

accuracy to empirically test their capacity in exploiting their knowledge about known protein-

ligand complexes and reproducing observed binding affinities. Unsurprisingly, the non-linear SFs,

specially those based on NN, show near perfect predictions while X-Score perform very poorly

on HIV and CAH complexes as depicted in the left panels of Figure 4.6. This implies that the

relationship between the employed descriptors by X-Score and binding affinity is non-linear. In

addition, our experiments show that the six X-Score descriptors do not appear to capture all the

binding-related interactions between the protein and ligand molecules. We made this conclusion

after we obtained mediocre performance from boosted NN model fitted to the six features used

by X-Score. However, the performance of this boosted NN model was substantially better than

X-Score in which a linear regression model is used.

The results shown in Figures 4.6 and 4.3 summarize the performance of the proposed and

conventional SFs on target proteins when they are encountered in their training sets or completely

novel for them. Therefore, we believe that these results are very useful in estimating the accuracy

of our scoring models given the number of solved structures of the drug target with other ligands

and the availability of their binding data.

We performed another experiment in which the ML SFs were calibrated with training sets con-

taining some known binders to the protein target and assessed their scoring ability on an indepen-

dent (OOS) test set of complexes that all feature the protein target, but bound to different ligands.

Since HIV protease and carbonic anhydrase complexes are the most abundant in our dataset and

they have proved to be the most challenging in the previous experiment (see the upper portion of

Figure 4.3), we focus on them.

Due to the large number of models required to perform this experiment and the computational

resources needed to train deep neural networks, the boosting neural network SF, BsN-Score, is

replaced with its sister Boosted decision Tree Scoring function, BT-Score. The other two NN SFs,

BgN-Score and DNN-Score, are not considered in this experiment due to the same reason. The

use of BsN-Score’s surrogate SF BT-Score will be performed for the experiments in the following
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sections as well since they too involve building a large number of SFs to obtain reliable results

and trends. BT-Score will be compared to our versions of the conventional ML SF RF-Score and

empirical SF X-Score.

The SF BT-Score is fitted to the 2714 multi-perspective descriptors while RF-Score and X-

Score are fitted to their original 36 geometrical and 6 physiochemical features, respectively. Be-

fore training an SF based on these models, half of the 260-HIV and 190-CAH PLCs are randomly

sampled and held aside for testing while the remaining 130 and 85 complexes are considered for

training, respectively. Then, the SFs are trained on 3000 complexes sampled randomly (without

replacement) from the PDBbind refined set and x% of the 130 HIV (or CAH 85) training com-

plexes. The overall size of the training set for any SF was fixed to 3000 complexes regardless of

the number of added HIV or CAH complexes (by removing extra non-HIV or non-CAH PLCs

from the original 3000 complexes). The scoring and ranking performance of the SFs are evaluated

on the OOS 50% HIV (or CAH) test complexes. Then another 50% of the 260 HIV (or 190 CAH)

complexes are randomly sampled to form the next training and test sets. This process is repeated

50 times to obtain a robust average scoring (Rp) and ranking (Rs) measures for various values of

x ∈ {0,0.2,0.4,0.6,0.8,1} (i.e., the fraction of 130 HIV and 85 CAH complexes) for the three

models—these are plotted in Figure 4.7.

The overall scoring and ranking performance trends of the three SFs appear to be similar for

both HIV and CAH complexes as shown in Figure 4.7. There are three important observations that

can be made from these four panels. First, the XGboost SF, BT-Score, clearly performs the best

across the entire range of number of HIV complexes and more than half of the range of CAH com-

plexes in the training data. The Random Forest SF, RF-Score, also shows substantial improvement

in performance when trained on larger numbers of HIV and CAH complexes. Second, when the

training dataset includes less than half of the CAH complexes, the SF RF-Score slightly outper-

forms BT-Score in both scoring and ranking tests. Finally, X-Score, due to its rigid linear nature, is

not able to effectively exploit increasing numbers of HIV and CAH complexes in training data to

improve its scoring and ranking accuracy in contrast to the two other flexible models which show
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Figure 4.7: Dependence of scoring performance of machine-learning scoring functions on the
number of HIV protease (left) and carbonic anhydrase (right) complexes in their training set.
They are evaluated on out-of-sample HIV protease and carbonic anhydrase complexes from the
refined set of PDBbind 2014.

significant improvement. To put that in perspective, the scoring and ranking accuracy of BT-Score

improve by more than 140% when the number of HIV complexes in the training data increases

from 0 to 208, whereas the corresponding increase in performance for the linear model X-Score

does not even exceed 2%.

The analysis of the effectiveness of different regression approaches on specific families of
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proteins has very practical benefits in virtual screening and drug discovery. Typically, the task in

drug design is to conduct computational screening of large numbers of ligands against a certain

protein family. The knowledge of the number of known binders to that protein present in the

training set and the characteristic plots of several scoring models (similar to the ones in Figure 4.7)

can aid in the selection of the most effective SF.

4.5.4 Performance of machine-learning scoring functions on novel targets

4.5.4.1 Simulating novel targets using PDBbind 2007

The training-test set pair (Pr, Cr) of PDBbind 2007 is a useful benchmark when the aim is to eval-

uate the performance of scoring functions on targets that have some degree of sequence similarity

with at least one protein present in the complexes of the training set. This is typically the case

since, as it was mentioned earlier, 92% of drug targets are similar to known proteins [113]. When

the goal is to assess scoring functions in the context of novel protein targets, however, the training-

test set pair (Pr, Cr) is not that suitable because of the partial overlap in protein families between

Pr and Cr. We considered this issue to some extent in Section 4.5.3.1, where we investigated the

performance of SFs on four different protein-specific test sets from PDBbind 2007 after training

them on complexes that did not have the protein under consideration. This resulted in a drop in

performance of all SFs, especially, in the case of HIV protease as a target. However, even if there

are no common proteins between training and test set complexes, different proteins at their binding

sites may have sequence and structural similarities, which influence protein-ligand BA. To more

rigorously and systematically assess the performance of ML SFs on novel targets, we performed a

separate set of experiments in which we limited BLAST sequence similarity between the binding

sites of proteins present in the training and test set complexes in the refined set of PDBbind 2007.

Specifically, for each similarity cut-off value S = 30%, 40%, 50%, ..., 100%, we constructed

100 different independent 150-complex test and T-complex training set pairs, trained the scoring

models (MLR, MARS, kNN, SVM, BRT, and RF) using two different feature sets (XAR and X
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Figure 4.8: Binding affinity prediction accuracy of scoring models as a function of BLAST
sequence similarity cutoff between binding sites of proteins in training and test complexes of
PDBbind 2007.

features) on the training set and evaluated them on the corresponding test set, and determined their

average performance over the 100 rounds to obtain robust results. Since SF prediction performance

depends upon both similarity cut-off and training set size and since training set size is constrained

by similarity cut-off (a larger S means a larger feasible T), we investigated different ranges of

S (30% to 100%, 50% to 100%, and 70% to 100%) and for each range we set T close to the

largest feasible value for the smallest S value in that range. Each test and training set pair was

constructed as follows. We randomly sampled a test set of 150 protein-ligand complexes without

replacement from the refined sets of PDBbind 2007 and 2010 which together provide 2182 high-

quality protein-ligand complexes. The remaining (2182-150=) 2032 complexes were randomly

scanned until T different training complexes were found that had protein binding site similarity

of S% or less with the protein binding sites of all complexes in the test set — if less than T such
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complexes were found, then the process was repeated with a new 150-complex test set.

The accuracy of the six scoring models in terms of Pearson correlation coefficient Rp is depicted

in Figure 4.8 for a variety of similarity cut-offs and training set sizes. The plots in the first column

(Figure 4.8 (a) and (d)) are for similarity cut-offs 30% to 100% in which T = 120 complexes is

the largest training set size feasible for S = 30%. The upper plot (Figure 4.8 (a)) shows these

results when protein-ligand complexes are described by XAR features and the bottom plot when

such compounds are characterized by X-Score (X) features alone. When XAR features are used,

RF and kNN perform the best across the entire range of S when T = 120. In the corresponding

bottom plot, in which the six X features are considered, it can be easily observed that MLR, kNN,

RF, and BRT are the top four performing models. In both feature set cases, we see that no ML

SF is able to predict the measured BA with good accuracy (Rp ≤ 0.5 when S = 30%). This can

be attributed to three factors. First is the significant sequence, and hence structural, dissimilarity

between the binding sites of proteins in training and test complexes. Second is the limited size of

the training data. We will show how important the size of training data is in influencing the quality

of scoring models in Section 4.5.5. Finally, the scoring model parameters used for this experiment

were based on parameter tuning with respect to Pr as described in Section 2.2 rather than with

respect to the training set used for this experiment, which is not only small but has a different

mix of complexes governed by the small similarity cut-off of 30%. This is evident in Figure 4.8

(a) from the inferior performance of several SFs (MLR, SVM, MARS and, to a limited extent,

BRT) when XAR features are used instead of X features (which is a subset of XAR features),

signifying overfitting or suboptimal parameter values. The reason the RF model had relatively

good performance compared to the other generally-competitive ML models for both XAR and X

features is most likely because it is immune to overfitting and less sensitive to parameter tuning.

Due to the time-intensive nature of tuning parameters of multiple scoring models for the many

training scenarios we consider in this work, we used the parameters tuned with respect to Pr.

For a given similarity cut-off, not only does the scoring performance of models improve with

the size of training dataset, the overfitting/parameter-tuning problem also gets alleviated or mini-
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mized. For example, for a similarity cut-off of 50%, BRT::XAR has inferior performance relative

to BRT:X when training dataset has 120 complexes (0.46 vs. 0.49), but the opposite is true when

the training set has 520 complexes (0.54 vs. 0.51). Also, the performance of RF and the other

generally-competitive ML models (BRT and kNN) becomes comparable as training dataset size

increases, signifying that parameter tuning becomes less of an issue.

To summarize, imposing a sequence similarity cut-off between the binding sites of proteins

in training and test set complexes has an expected adverse impact on the accuracy of all scoring

models. However, increasing the number of training complexes helps improve accuracy for all

similarity cut-offs. RF has the best accuracy considering the entire range of similarity cut-offs.

The other generally-competitive ML models (BRT, kNN, and SVM) may also provide comparable

accuracy if parameter tuning is performed with respect to the training set being considered.

4.5.4.2 Simulating novel targets using PDBbind 2014

In this section, we test the scoring ability of scoring functions on novel targets extracted from the

2014 release of PDBbind. We addressed this issue to some extent using our leave-cluster-out (LCO)

test sets by restricting the similarity between training and test complexes to 90% or less using

BLAST. Figure 4.3 shows the gap between the accuracies of SFs on Cr complexes as opposed to

LCO PLCs. In Section 4.5.3.2, we also investigated the performance of SFs on four different 2014

PDBBind protein-specific test sets after training them on complexes that did not have the protein

under consideration. This resulted in a drop in performance of all SFs, especially, in the case of

HIV protease and carbonic anhydrase targets. As we explained in the previous section, even if there

are no common proteins between training and test set complexes, different proteins at their binding

sites may have sequence and structural similarities, which influence protein-ligand BA. To more

rigorously and systematically assess the performance of ML SFs on the 2014 release of PDBbind

novel targets, we performed another set of experiments in which we limited BLAST sequence

similarity between the binding sites of proteins present in the training and test set complexes.

The procedure of simulating the novel targets using PDBbind 2014 has some similarities with
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Figure 4.9: Binding affinity prediction accuracy of scoring models as a function of BLAST
sequence similarity cutoff between binding sites of proteins in training and test complexes of
PDBbind 2014.

the novel targets experiment performed on the 2007 release of PDBbind in Section 4.5.4.2. Specifi-

cally, for each similarity cut-off value S = 30%, 40%, 50%, ..., 100%, we constructed 100 different

independent 100-complex test and 3000-complex training set pairs, trained the scoring models

BT-Score, RF-Score, and X-Score using their respective feature sets (2714 multi-perspective, 36

geometric, and 6 physiochemical descriptors, respectively) on the training set and evaluated them

on the corresponding test set, and determined their average performance over the 50 rounds to

obtain robust results. Each test and training set pair was constructed as follows. We randomly

sampled a test set of 100 protein-ligand complexes without replacement from the 3446 complexes

of the 2014 PDBbind refined set. The remaining 3346 complexes were randomly scanned until

3000 different complexes were found that had protein binding site similarity of S% or less with

the protein binding sites of all complexes in the test set — if less than 3000 such complexes were

found after multiple trials, then the process was repeated with a new 100-complex test set.

The accuracy of the three scoring models in terms of Pearson (Rp) and Spearman (Rs) correla-
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tion coefficients are depicted in Figure 4.9 for a variety of similarity cut-offs. BT-Score produces

substantially better predictions than RF-Score and X-Score regardless of the level of similarity

between the binding pocket of training and test proteins. BT-Score and RF-Score performance im-

proves steadily as they are trained and tested on proteins with BLAST similarity of 70% or more.

On the other hand, the improvement slope of X-Score appears flatter than BT-Score and RF-Score.

The slow response of X-Score to increasing the similarity between training and test proteins can

be attributed to the high rigidity of their underlying linear model. The small number of descriptors

used by X-Score also plays a role in capturing and utilizing the similarity information between

hundreds of different training protein families. The SF BT-Score, and to some extent RF-Score, do

not suffer from model rigidity and descriptor limitations. We trained and tested boosted regression

tree models in conjunction with the six physiochemical descriptors of X-Score and noticed bet-

ter predictions and sharper responses to train-test similarity than those obtained using the original

linear regression model.

Due to the sufficiently large number of training complexes in PDBbind 2014, we notice that

the performance of BT-Score is always better than RF-Score and X-Score despite its use of much

bigger feature set (2714 vs. 36 and 6 descriptors used by RF-Score and X-Score respectively). In

the case of the 2007 PDBbind simulation in the previous section, we noticed that larger number of

descriptors has some negative effect on the predictive accuracy of scoring functions when trained

on smaller datasets. In this section, our results show that larger training sets sizes make it possible

to incorporate more descriptors without incurring model overfitting. In the next section, we will

investigate the effect of training set size on the scoring accuracy in more detail.

4.5.5 Impact of the number of training protein-ligand complexes on the scoring and rank-
ing accuracies

4.5.5.1 Simulating increasing training set size using PDBbind 2007 & 2010

Experimental information about 3D structures and binding affinities of new protein-ligand com-

plexes are regularly determined. This contributes to the growing size of public biochemical repos-
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Figure 4.10: Dependence of scoring (left) and ranking (right) accuracies of machine-learning
scoring functions on training set size. The models are trained on complexes selected randomly
(without replacement) from the 2007 and 2010 refined sets of PDBbind and tested on
out-of-sample complexes from the core (Cr) test set of PDBbind 2007.

itories and corporate compound banks. To assess the impact that a larger training set size would

have on the predictive accuracy of ML SFs, we consider the 2007 and 2010 PDBbind datasets—

more than 750 new protein-ligand complexes have been deposited into this database from the year

2007 to 20103. After setting aside the core (Cr) test set of PDBbind 2007 for evaluation, we use

the remaining complexes of the PDBbind 2007 and 2010 refined sets for training which we denote

by Tr. For a given number of training complexes x, x = 1×178,2×178, . . . ,10×178, we select x

complexes randomly (without replacement) from Tr to train the six ML models. We then test them

on the disjoint core set Cr which is comprising 195 complexes. This process is repeated 100 times

to obtain robust average Rp values, which are plotted in Figure 4.10.

Figure 4.10 shows the scoring and ranking accuracies of RF, BRT, SVM, kNN, MARS and

MLR SFs when the datasets are characterized using XAR features4. In both cases (scoring and

ranking), we observe that the performance of almost all models improves as the size of the training

3This experiment was conducted prior to considering the 2014 version of PDBbind, therefore
complexes from this set are not used in this experiment. However, we expect similar performance
trends for all scoring functions.

4This simulation was performed before extracting the G-type features and developing the Neu-
ral Network based models, therefore they are not included here. The performance trends of BsN-
Score and BgN-Score are expected to be similar to that of BRT and RF SFs, respectively.
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dataset increases. When the number of features is high (|XAR| = 72) and the size of training

dataset is relatively small, we notice poor accuracy of some SFs such as MLR and SVM. This is

perhaps a consequence of overfitting since the ratio of training dataset size to number of features

is small. The performance of MLR and SVM improves substantially when the training dataset size

increases and/or lower dimensional data is used. RF and BRT based SFs are almost always the

leading models regardless of the size of training set.

From Figure 4.10, we can conclude that most ML SFs have a potential for improvement as

more training data becomes available. SF designers can conduct similar experiments to estimate

accuracy enhancement when their proposed functions are recalibrated on larger number of data

instances.

The non-linear ML approaches fitted to the 6 X-type features (whose accuracy plots are not

shown) were also found to be improving as the number of their training complexes increases.

MLR::X model on the other hand, which resembles empirical SFs, showed minimal response to

increasing the training set size which is an indication of a very small potential for improvement

in the future. This is due to the rigidity of linear models whose performance tends to saturate.

Many of the 16 conventional SFs considered in this study are empirical and thus they are also most

likely to suffer from the same limitation. In fact, the best performing model of those 16 in terms

of scoring power, X-Score::HMScore, is very similar to MLR::X. That is because both SFs use

almost the same features and both are linearly fit to the same training data. Therefore, one should

consider better prediction approaches to derive accurate models from training data available on

hand and from future updates.

4.5.5.2 Simulating increasing training set size using PDBbind 2014

In this section we consider a larger number of complexes obtained from the 2014 version of PDB-

bind to simulate the performance of scoring functions on increasing sizes of training data. More

than 2100 new protein-ligand complexes have been deposited into this database from the year 2007
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Figure 4.11: Dependence of scoring (left) and ranking (right) accuracies of machine-learning
scoring functions on training set size. The models are trained on complexes selected randomly
(without replacement) from the refined set of PDBbind 2014 and tested on out-of-sample
complexes from the core (Cr) test set of PDBbind 2014.

to 20145. To be able to use a greater range of training set sizes, we choose the refined (Ref ) set

of PDBBind 2014 to build and test three different scoring models. For a given number of train-

ing complexes x, where x ∈ {100,680,1260,1840,2420,3000}, we select x complexes randomly

(without replacement) from Ref to train the three ML models. We then test them on the out-of-

sample core set Cr comprising 195 complexes. This process is repeated 50 times to obtain robust

average scoring (Rp) and ranking (R1-2-3) values, which are plotted in Figure 4.11.

Figure 4.11 shows the scoring and ranking accuracies of BT-Score, and our versions of RF-

Score and X-Score. The figure clearly shows that the scoring and ranking accuracies of BT-Score

and RF-Score improve as the size of the training dataset increases. The scoring performance

of X-Score is substantially lower than both ensemble SFs and its rate of improvement is almost

zero beyond 680 training complexes. Its ranking accuracy, however, is on par with BT-Score and

5This experiment was conducted prior to the release of the 2015 and 2016 versions of PDBbind,
therefore complexes from the new releases are not used in this experiment. However, we expect
similar performance trends for all scoring functions.
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both show similar gain in ranking performance as they get exposed to more training complexes.

Similar rise in improvement was also achieved using Random Forest (whose accuracy plots are not

shown) when it was fitted to our multi-perspective descriptors instead of the RF-Score’s original

36 geometric descriptors. Another set of Random Forest models fitted to the 6 features used by

X-Score were also found to be improving in scoring accuracy as the number of their training

complexes increases. This indicates that ensemble SFs have a potential for improvement as more

training data becomes available. The linear model used in X-Score (and other empirical SFs) on

the other hand showed minimal rise in scoring power by increasing the training set size which is an

indication of a very small potential for improvement in the future. Overall, the improvement plots

of BT-Score, RF-Score, and X-Score on PDBbind 2014 complexes are similar to the improvement

trends of the corresponding models BRT, RF, and MLR on the PDBbind 2007 benchmark as can

be observed by comparing Figures 4.10 and 4.11.

4.5.6 Impact of the type and number of descriptors on the scoring and ranking accuracies

4.5.6.1 Type and number of descriptors characterizing PDBbind 2007 complexes

The BA of a protein-ligand complex depends on many physicochemical interaction factors that

are too complex to be accurately captured by any one approach. Therefore, we perform three

different experiments to investigate how utilizing different types of features from different scoring

tools, X-Score, AffiScore, RF-Score, and GOLD, and considering an increasing number of features

affects the performance of the various ML models. We also test how increasing the number of

descriptor sets affect the performance of three scoring models. In the first experiment, six ML

(RF, BRT, SVM, kNN, MARS, and MLR) models were fitted to the PDBbind primary Pr training

complexes characterized by X, A, R, G, and XARG features and tested on the corresponding core

test Cr characterized by the same features6. Table 4.4 reports the scoring (Rp) and ranking (R1-2-3)

6The training (Pr) and test (Cr) sets were based on the 2007 PDBBbind datasets. This exper-
iment was conducted before the release of 2014-2016 PDBBind datasets and prior to developing
the Neural Network based models, therefore they are not included here. However, we expect the
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Table 4.4: Scoring and ranking accuracies of machine-learning scoring functions when
protein-ligand complexes are characterized by different descriptor types

Model Scoring Power (Rp) Ranking Power (R1-2-3 in%)

X A R G XARG X A R G XARG

BsN-Score 0.694 0.737 0.710 0.728 0.816 52.3 47.7 41.5 41.5 64.3
BgN-Score 0.664 0.783 0.750 0.550 0.808 53.8 53.8 44.6 41.5 60.0
DNN-Score 0.675 0.583 0.503 0.501 0.631 33.8 35.7 35.3 35.1 38.9
RF 0.743 0.763 0.777 0.726 0.804 56.6 46.5 52.1 49.9 63.8
BRT 0.719 0.787 0.746 0.72 0.810 60.6 51.7 50.8 44.6 63.1
SVM 0.693 0.716 0.739 0.603 0.779 44.6 46.2 38.5 36.9 56.9
kNN 0.703 0.716 0.717 0.613 0.753 52.3 50.8 44.6 33.8 53.8
MARS 0.641 0.675 0.625 0.591 0.681 41.5 44.6 44.6 35.4 41.5
MLR 0.648 0.681 0.602 0.555 0.684 49.2 44.6 50.8 44.6 50.8

performance statistics for the resulting 36 SFs.

We notice that the scoring and ranking accuracies of almost all models, except MARS and

MLR, improve by considering more than one type of features rather than just X, A, R, or G features

alone. The results of Table 4.4 are useful in assessing the relative benefit of different types of

features for the various ML models.

A pertinent issue when considering a variety of features is how well different SF models exploit

an increasing number of features. The features we consider are the X, A, G, and a larger set of

geometrical features than the R feature set available from the RF-Score tool. RF-Score counts

the number of occurrences of 36 different protein-ligand atom pairs within a distance of 12 Å. In

order to have more features of this kind for this experiment, we produce 36 such counts for five

contiguous distance intervals of 4 Å each: (0 Å, 4 Å], (4 Å, 8 Å], . . . , (16 Å, 20 Å]. This provides

us 6 X, 30 A, 14 G, and (36×5=) 180 geometrical features or a total of 230 features. We randomly

select (without replacement) x features from this pool, where x = 20,40,60, . . . ,220, and use them

to characterize the 2007 and 2010 PDBbind dataset, which we then use to train the six ML models.

These models are subsequently tested on the out-of-sample 2007 Cr dataset characterized by the

same features7. This process is repeated 100 times to obtain robust average Rp statistics, which are

performance trends of BsN-Score and BgN-Score to be similar to that of BRT and RF SFs.
7 This experiment was conducted before the release of 2014-2016 PDBBind datasets and prior
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plotted in Figure 4.12.
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Figure 4.12: Dependence of scoring (left) and ranking (right) accuracies of machine-learning
scoring functions on the number of descriptors. The descriptors are drawn randomly (without
replacement) from a pool of X, A, R, and G-type features and used to characterize the training
complexes of the refined sets of PDBbind 2007 and 2010 and the out-of-sample complexes from
the core (Cr) test set of PDBbind 2007.

Clearly, the RF, BRT, SVM, kNN, MARS, and MLR SFs have very different responses to an

increase in the number of features. For several of them, peak performance is attained at 60 (kNN

and MLR) or 120 (SVM) features and then there generally tends to be a drop in or saturation in

performance at larger number of features. Although the features we used are distinct, they have

varying degrees of correlation between them. This combined with larger number of features lead

to overfitting problems for some of the SFs. Further, ML model meta-parameters are not tuned

for every number of features chosen. This especially affects the performance of SVM which we

have found to be very sensitive to its parameter values. However, tuning SVM parameters for

every number of features is computationally intensive, and therefore we did not attempt to search

for the optimal parameter values for every feature set size for it. In contrast to these models, the

performance of RF and BRT benefits from increasing number of features. Based on these results,

utilizing as many relevant features as possible in conjunction with ensemble based approaches like

to developing the Neural Network based models, therefore they are not included here. However,
we expect the performance trends of BsN-Score and BgN-Score to be similar to that of BRT and
RF SFs.
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Figure 4.13: Dependence of scoring (left) and ranking (right) accuracies of machine-learning
scoring functions on the number of descriptor sets. The descriptor sets are randomly sampled
from all feature types in Descriptor Data Bank. The selected descriptor types are used to
characterize the training complexes of the refined set of PDBbind 2014 and the out-of-sample
complexes from the core (Cr) test set of PDBbind 2014.

BRT and RF that are resilient to overfitting appears to be the best option.

4.5.6.2 Number of descriptor sets characterizing PDBbind 2014 complexes

To investigate the effect of increasing the number of descriptor sets, we randomly select a maxi-

mum of 100 combinations of x descriptor sets from all possible (16 choose x) combinations of the

16 DDB types listed in Table 3.1, where x ∈ {1,4,7,10,13,16}, and use them to characterize the

training set complexes in PDBbind 2014 database, which we then use to train the XGboost, Ran-

dom Forest, and MLR models to build the scoring functions BT-Score, RF-Score, and X-Score,

respectively. These models are subsequently tested on the 2014 PDBbind Cr benchmark data set

characterized by the same descriptors. For each number of descriptor sets, x, the performance of

the 100 SFs are averaged to obtain robust overall scoring (Rp) and ranking (R1-2-3) statistics, which

are plotted in Figure 4.12.
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Similar to the case of increasing training data in terms of new PLCs and number of raw features

in the previous section, the performance of the ensemble SFs are clearly benefiting from increasing

the number of protein-ligand interaction models in the scoring and ranking tasks. It is clear from

the right and left plots that the number of different models of protein-ligand interactions (descriptor

sets) are as important as the number of training complexes in improving the quality of prediction.

Based on these results, we believe that the public database of protein-ligand interactions we are

proposing in this work will be of high value to ML SFs and just as important to their scoring and

ranking accuracy as the resources of raw structural and experimental data.

4.6 Conclusion

Our experiments have shown that the proposed neural networks SFs, BsN-Score and BgN-

Score, achieved the best results in reproducing experimental binding affinity for large and diverse

number of protein-ligand complexes. We further found that ensemble models based on NNs sur-

pass SFs based on the decision-tree ensemble techniques Boosted Regression Trees and Random

Forests as well as other state-of-the-art ML algorithms such as SVM. SFs that were trained on a

single neural network, which have traditionally been used in drug-discovery applications, showed

linear correlation (Rp) of only 0.627 between observed and predicted binding affinities. On the

other hand, BsN-Score and BgN-Score outperform the best of other ML and existing conven-

tional knowledge-based, force-field-based, and empirical SFs (Rp = 0.844 and 0.840 vs. 0.725

and 0.627, respectively) and those based on a single neural network whose correlation coefficient

is 0.803. Similar results have been obtained for the ranking task. Within clusters of protein-ligand

complexes with different ligands bound to the same target protein, we find that the best ML-based

SF is able to rank the ligands correctly based on their experimentally-determined binding affinities

61.5% of the time and identify the top binding ligand 81.5% of the time. Given the challenging

nature of the ranking problem and that SFs are used to screen millions of ligands, this represents a

significant improvement over the the best conventional SF we studied, for which the corresponding

ranking performance values are 58.0% and 69.1%. The accuracies of ensemble NN SFs are even
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higher when they predict binding affinities for protein-ligand complexes that are related to their

training sets. The high predictive accuracy of ensemble SFs BsN-Score and BgN-Score is due

to the following three factors: (i) the low bias error of the highly-nonlinear neural network base

learners, (ii) the low variance error achieved using bagging and boosting, and (iii) the employed

diverse set of multi-perspective descriptors we extract for protein-ligand complexes.

We also observed that the ensemble scoring functions benefit more than their conventional

counterparts from increases in the number of descriptors and the size of training dataset. This

means that the proposed scoring models will be even more accurate in the future when 3D struc-

tures of more protein-ligand complexes are resolved and larger numbers of descriptors are modeled.
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CHAPTER 5

DOCKING-SPECIFIC SCORING FUNCTIONS FOR ACCURATE LIGAND POSE
PREDICTION

Molecular docking is a computational approach widely used in structure-based drug design to

simulate the behavior of drug-like ligands interacting with a target protein to bind with it and

form a stable protein-ligand complex. An essential component of molecular docking programs is a

scoring function (SF) that is used to identify the most stable binding pose of a ligand, when bound

to a receptor protein, from among a large set of candidate poses. Scoring functions employed in

most of commercial docking software rank ligand poses based on the binding affinities they predict.

Although some scoring functions have achieved some success in terms of identifying the correct

poses for many protein targets, their accuracy is still inadequate for reliable virtual screening.

When a poor ligand pose is mistakenly predicted as the conformation the ligand would take when

it interacts with the protein, the ligand could be incorrectly prioritized over other compounds in the

database as a better drug candidate. This possibility is not implausible given the current limitation

of binding affinity prediction which conventional scoring function uses to rank-order ligand poses.

In this chapter, we introduce a novel type of ensemble neural network scoring functions opti-

mized specifically for the docking task. Various other nonparametric ML methods inspired from

statistical learning theory are also examined in this chapter to model the unknown function that

maps structural and physicochemical information of a protein-ligand complex to a corresponding

distance to the native pose (in terms of RMSD value). Ours is the first work to develop and per-

form a comprehensive assessment of the docking accuracies of task-specific and conventional SFs

across both diverse and homogeneous test sets of protein families. We show that the best docking-

specific SF has a success rate of ∼80% compared to ∼70% for the best conventional SF when

the goal is to find poses within RMSD of 1 Å from the native ones for 195 different protein-ligand

complexes in PDBbind 2007 benchmark. Furthermore, ensemble neural network scoring functions

optimized for the docking task correctly identified the ligand poses for 95% protein-targets in the
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PDBbind 2014 benchmark as opposed to 82% obtained by the best commercial scoring function

ChemPLP. In this test, the model’s top-scoring pose is considered native or near-native (i.e., cor-

rectly identified) if it lies within 2 Å RMSD from the ligand’s native conformation observed in the

crystallographic structure.

Such a significant improvement (> 14%) in docking power will lead to better quality drug

hits and ultimately help reduce costs associated with drug discovery. We seek to advance ligand

pose prediction by designing SFs that significantly improve upon the protein-ligand docking per-

formance of conventional SFs. Our approach is to couple the modeling power of flexible machine

learning algorithms with training datasets comprising hundreds of protein-ligand complexes with

native poses of known high-resolution 3D crystal structures and experimentally-determined bind-

ing affinities. In addition, we computationally generate a large number of decoy poses and utilize

their RMSD values from the native pose and a variety of features characterizing each complex. We

compare the docking accuracies of the proposed ensemble deep neural networks and several other

ML models to existing conventional SFs of all three types, force-field, empirical, and knowledge-

based, on diverse and independent test sets. We also perform a systematic analysis of the ability

of the proposed SFs in identifying native poses of ligands that are docked to novel protein targets.

Further, we assess the impact of training set size on the docking performance of the conventional

BA-based SFs and the proposed RMSD-based models.

The remainder of the chapter is organized as follows. The next section presents the procedure

for decoy generation and formation of training and test datasets. Then, we present results compar-

ing the docking powers of conventional and ML SFs on diverse and homogeneous test sets. We

also compare the performance of the ML techniques on novel drug targets and analyze how they

are impacted by training set size. Finally, we summarize our findings.
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5.1 Decoy generation of ligand poses and formation of training and test
complexes

We conducted our experiments on two versions of the protein-ligand complex repository PDB-

bind. In the first set of experiments, we considered the 2007 version of PDBbind which contains

1300 complexes with experimental binding affinity data. The primary reason for selecting this re-

lease was the availability of related studies to this work that used its primary and core datasets for

training and benchmarking purposes [17, 27]. This dataset enables us to objectively compare the

performance of our docking-specific ML scoring models to conventional SFs published by Cheng

et al. [17] and Ballester et al. [27] since the proposed and traditional models are tested on the same

benchmark using the same evaluation criteria. Upon the development of our boosted and bagged

deep-learning SFs for docking, the 2014 version of PDBbind was released with about 250% more

protein ligand complexes than the 1300 PLCs in the 2007 PDBbind. Shortly after that, another

comparative study of SFs was also published which uses the 2014 PDBbind as a benchmark for

several popular scoring functions. To evaluate the accuracy of our deep neural network based SFs

and compare them consistently with the SFs published therein, we too use the same release of

PDBbind and the evaluation criteria employed in the latter comparative study. It should be noted

that both comparative studies based on the 2007 and 2014 releases of PDBbind are similar in scope

and methodology. In this chapter, we will show results on both versions for every experiment we

conduct.

5.1.1 Generating decoy poses for protein-ligand complexes in PDBBind 2007

The proteins of both the 2007 PDBbind primary (Pr) training and core (Cr) test sets form com-

plexes with ligands that were observed bound to them during 3D structure identification. These

ligands are commonly known as native ligands and the conformation in which they were found at

their respective binding sites are referred to as true or native poses. In order to assess the dock-

ing power of SFs in distinguishing true poses from random ones, a decoy set was generated for

each protein-ligand complex in Pr and Cr. We utilize the decoy set produced for the core set Cr
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by Cheng et al. [17] using four popular docking tools: LigandFit in Discovery Studio, Surflex

in SYBYL, FlexX in SYBYL (currently in LeadIT [114]), and GOLD. From each tool, a diverse

set of binding poses was generated by controlling docking parameters as described in [17]. This

process generated a total of ∼2000 poses for each protein-ligand complex from the four docking

protocols combined. Binding poses that are more than 10 Å away, in terms of RMSD (root-mean-

square deviation), from the native pose are discarded. The remaining poses are then grouped into

ten 1 Å bins based on their RMSD values from the native binding pose. Binding poses within each

bin were further clustered into ten clusters based on their similarities [17]. From each such sub-

cluster, the pose with the lowest noncovalent interaction energy with the protein was selected as a

representative of that cluster and the remaining poses in that cluster were discarded. Therefore, at

the end of this process, decoy sets consisting of (10 bins× 10 representatives =) 100 diverse poses

were generated for each protein-ligand complex. Since we have access to the original Cr decoy

set, we used it as is and we followed the same procedure to generate the decoy set for the training

data Pr. Since we did not have access to Discovery Studio software, we did not use LigandFit

protocol for the training data. In order to keep the size of the training set reasonable, we generated

50 decoys for each protein-ligand complex instead of 100 as it is the case for Cr complexes. Due

to geometrical constraints during decoy generation, the final number of resultant decoys for some

complexes does not add up exactly to 50 for Pr and 100 for Cr. It should be noted that the decoys

in the training set are completely independent of those in the test set since both datasets share no

ligands from which these decoys are generated.

As noted earlier, in the ligand docking problem with which we are concerned in this chapter,

the task is to identify the correct binding mode of a ligand from among a set of (computationally-

generated) poses. The closer, in terms of RMSD, a pose is to the experimentally-determined native

pose, the better [17]. We develop two types of ML SFs in this work to identify poses close to

the native one. The first type are trained on training complexes with (known experimentally-

determined) binding affinity (BA) as the response variable. To assess their docking accuracy, their

predicted BA on a separate set of test complexes is used to distinguish promising poses from less
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promising ones. Note that for the test complexes, the experimentally-determined BA and actual

RMSD values are not used during BA prediction; the actual RMSD value for test complexes is

only used to assess docking accuracy. In all previous work, BA has been used for identifying near-

native poses, which carries with it the implicit assumption that higher predicted BA implies lower

RMSD for a pose. We believe a better approach is to model RMSD instead of BA. Therefore,

the second set of SFs we build are trained on training complexes with (known) RMSD as the

response variable. The accuracy of this approach, as in the case of BA-based SFs, is assessed

on a separate set of test complexes by ranking poses according to predicted RMSD values: the

lower the predicted RMSD, the more likely a pose is closer to the native pose. Note that for

the test complexes the experimental BA and actual RMSD values are not used during RMSD

prediction; the actual RMSD value is used only for docking accuracy assessment after prediction.

RMSD-based SFs have three advantages over BA-based SFs. First, RMSD-based SFs model the

same parameter (RMSD) that is used for pose ranking instead of relying on a related parameter

(BA). Second, BA-based SFs are trained on experimental BA values, which are inherently noisy,

whereas RMSD-based SFs use computationally-determined RMSD values during training which

makes them less error prone. Third, during training, multiple decoys with different RMSD values

can be computationally generated per complex. Therefore, the number of training records that

can be utilized by RMSD-based SFs is the product of the number of different training complexes

and the average number of computationally-generated poses per training complex. This training

set size can be much larger compared to that available to BA-based SFs which is limited to as

many training records as the number of different training complexes because BA values can be

experimentally determined only for native poses, not for decoys. As it will be shown later, our

novel RMSD-based approach provides significantly superior accuracy compared to conventional

BA-based prediction.

For the two types of SFs, two versions of training and test data sets are created. The first version

uses BA as the dependent variable (Y = BA) and the size of Pr remains fixed at 1105 while Cr

includes 16554 complex conformations because it consists of native poses and a decoy set for each
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native pose. The dependent variable of the second version is RMSD (Y = RMSD) and because

both training and test sets consist of native and decoy poses, the size of Pr expands to 39,085 while

Cr still retains the same 16554 complex conformations.

For all protein-ligand complexes, for both native poses and computationally-generated decoys,

we extracted X , A, R, and G features. By considering all fifteen combinations of these four types of

features (i.e., X , A, R, G, X ∪A, X ∪R, X ∪G, A∪R, A∪G, R∪G, X ∪A∪R, X ∪A∪G, X ∪R∪G,

A∪R∪G, and X∪A∪R∪G), we generated 30 versions of scoring functions. Each scoring function

is trained and evaluated on complexes characterized by one of the 15 descriptor combinations and

use RMSD or binding affinity (BA) as a dependent variable (Y ). We denoted these models using

the name of the machine-learning algorithm (as a prefix) and the feature combintion (as a suffix).

The scoring function BsN-Score::XR, for example, denotes the boosted ensemble neural network

model fitted to complexes characterized using the set of descriptors X ∪R (referred to simply as

XR). RMSD and BA-based scoring functions will be distinguished from each other in the text

when necessary.

5.1.2 Generating decoy poses for protein-ligand complexes in PDBBind 2014

The methodology of generating computational poses for the 2014 version of PDBbind is very sim-

ilar to the process discussed in the previous section for PDBbind 2007. The main differences are

the software packages used to perform the docking and the number of poses we generate for each

protein-ligand complex. For this release, we use the open-source software AutoDock Vina [83]

to conduct docking instead of Surflex in SYBYL [51], FlexX in LeadIT [114], and GOLD [52]

due to the expiration of their licenses during the time we conducted this study. We also retain

the full number of 100 computational poses for each protein-ligand complex in PDBbind 2014 in-

stead of 50 as in the case of PDBbind 2007 since we have access to more computational resources.

Figure 5.1 summarizes the steps we performed to generate the training poses and calculate their

distance from their respective native conformations for PDBbind 2014. First, we randomly trans-

lated and rotated the native pose and then docked it into the binding site of the target which is
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marked by the original location of the crystallized ligand. We use AutoDock Vina to generate 100

binding modes with its exhaustiveness search argument was set to 25. We repeated this random

re-orientation and docking process 20 times to obtain a total of (100× 20 =) 2000 diverse poses

around the native conformation. We then calculated the symmetry-corrected root-mean-square dis-

tance of each computationally-generated pose to the native conformations. All poses with RMSD

greater than 10 Å away from the native conformation were discarded. The remaining poses were

then clustered into 10 one-Angstrom-wide bins where each bin contains 10 representative poses

uniformly-spaced from each other. Therefore, for every native PLC we obtained a total of 100

poses spanning the [0-10Å] range where each pose is approximately 0.1 Å from its closest two

neighboring conformations. The pose with 0 Å is simply the native conformation.

The pose-generation strategy was applied to each protein-ligand complex in our training and

test datasets formed based on the sampling strategies we describe in Section 2.1. The multi-

perspective descriptors were then extracted for each native, near-native, and decoy complex. Sim-

ilar to the two versions of the six ML SFs evaluated on PDBbind 2007, here we also fit two ver-

sions of the proposed ensemble of deep neural networks scoring functions. Namely, we build the

docking-specific SFs BsN-Dock and BgN-Dock that we train on PLCs with native and computationally-

generated poses characterized by the 2714 DDB’s multi-perspective descriptors and labeled by the

RMSD values. We also construct their binding-affinity-based counterparts BsN-Score and BgN-

Score that are fitted to complexes of native poses only and characterized by the same 2714 multi-

perspective descriptors but labeled using their measured binding affinity values.

5.2 Conventional scoring functions

The proposed docking-specific models presented in this work are evaluated on the 2007 and

2014 versions of PDBbind and their performance is compared against popular SFs from the litera-

ture whose docking accuracy has been reported on the same benchmarks [17, 25].
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Figure 5.1: The decoy generation process of ligand poses to train and test scoring functions on
complexes from the refined set of PDBbind 2014.

5.2.1 Conventional scoring functions evaluated on the PDBbind 2007 benchmark

A total of sixteen popular conventional SFs are compared to ML SFs on the 2007 version of

PDBbind. The sixteen functions are either used in mainstream commercial docking tools and/or

have been developed in academia. The functions were recently compared against each other in

a study conducted by Cheng et al. [17]. This set includes five SFs in the Discovery Studio

software [21]: LigScore, PLP, PMF, Jain, and LUDI. Five SFs in SYBYL software [51]: D-

Score, PMF-Score, G-Score, ChemScore, and F-Score. GOLD software [52] contributes three
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SFs: GoldScore, ChemScore, and ASP. GlideScore in the Schrödinger software [54]. Besides,

two standalone scoring functions developed in academia are also assessed, namely, DrugScore

[55] and X-Score [56]. Some of the SFs have several options or versions, these include LigScore

(LigScore1 and LigScore2), PLP (PLP1 and PLP2), and LUDI (LUDI1, LUDI2, and LUDI3) in

Discovery Studio; GlideScore (GlideScore-SP and GlideScore-XP) in the Schrödinger software;

DrugScore (DrugScore-PDB and DrugScore-CSD); and X-Score (HPScore, HMScore, and HSS-

core). For brevity, we only report the version and/or option that yields the best performance on the

PDBbind benchmark that was considered by Cheng et al.

5.2.2 Conventional scoring functions evaluated on the PDBbind 2014 benchmark

In addition to the conventional methods evaluated on the core test set of PDBbind 2007, we com-

pare the docking accuracy of the proposed deep neural networks SFs to five conventional mod-

els on the 2014 release of PDBbind. Three out of the five SFs are the empirical ChemPLP and

ChemScore implemented in Gold [52] and the empirical GlideScore-SP featured in the modeling

software Schrödinger [54]. These three were the top performing models among 18 other scoring

functions in identifying the correct binding of PDBbind 2014 complexes as reported by Li et al.

in a recent study [25]. The team also found X-Score to be the top performing in correctly predict-

ing binding affinity and therefore we consider it here too. The ML SF RF-Score is also reported

here due to its popularity in the literature and resemblance to the proposed bagged deep neural

networks [27].

5.3 Docking-specific machine-learning scoring functions

5.3.1 Generic ML scoring functions evaluated on the PDBbind 2007 benchmark

For the 2007 version of PDBBind, we utilize a total of six regression techniques in our study: multi-

ple linear regression (MLR), multivariate adaptive regression splines (MARS), k-nearest neighbors

(kNN), support vector machines (SVM), random forests (RF), and boosted regression trees (BRT)

[44]. We use the optimal parameters listed in Table 5.1 for both the BA and RMSD versions. The
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experiments presented in this chapter for the six ML methods on complexes from PDBbind 2007

were conducted prior to the development of our proposed ensemble neural networks SFs, there-

fore we include them separately in this chapter. However, we expect the performance trends of

BsN-Score and BgN-Score to be similar to that of BRT and RF SFs, respectively. The absolute

performance of NN SFs may in fact be higher as we demonstrated in the previous chapter when

the task was to predict binding affinities.

The six ML techniques are implemented in the following R language packages that we use [31]:

the package stats readily available in R for MLR, earth for MARS [34], kknn for kNN [38], e1071

for SVM [41], randomForest for RF [45], and gbm for BRT [48]. These methods benefit from

some form of parameter tuning prior to their use in prediction. For example, the most important

parameters in MARS are the number of terms (or basis functions) in the model, the degree of each

term, and the penalty associated with adding new terms. Here we only tune the degree and penalty

parameters and leave the final number of terms of MARS models to be automatically selected

by the MARS algorithm implementation we use [34]. The kNN method has two parameters that

require optimization: the neighborhood size k and the degree of Minkowski distance q [38]. For

the SVM model, we have three parameters to optimize: the complexity constant C, the width of

the ε-insensitive zone ε , and the width σ of the radial basis function that is used as a kernel [41].

RF algorithm has effectively only one important parameter mtry which determines the number

of features to be randomly selected at each node split when growing the forest’s trees [45]. The

number of unpruned trees in the forest was fixed at 2000. BRT, on the other hand, has several

parameters in addition to the most important two we tune: the number of trees and the interaction

depth between the features [48]. The number of trees is optimized automatically using a cross-

validation scheme internally implemented in the BRT algorithm [48]. The number of trees is tuned

simultaneously with the interaction depth that controls their sizes. The shrinkage (or learning) rate

of the BRT algorithm is set to 0.005 in all our experiments.

The values of the aforementioned parameters were selected so as to optimize the mean-squared

errors on validation complexes sampled without replacement from the training set and independent
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of the test data. Out-of-bag instances were used as validation complexes to select the optimal

value for the RF parameter mtry. Out-of-bag (OOB) refers to complexes that are not sampled

from the training set when bootstrap sets are drawn to fit individual trees in RF models. The

parameter values for MARS, kNN, SVM, and BRT were optimized by performing a grid search

over a suitable range in conjunction with 10-fold cross-validation over the training set Pr. The

resulting optimal parameter values are provided in Table 5.1. This optimization was performed on

the primary training (Pr) data for all 15 descriptors set. For every machine-learning method, we

will be using these values to build ML SFs in the subsequent experiments.

Table 5.1: Optimal parameter values for MARS, kNN, SVM, RF, and BRT models for the
docking task

Model Parameter Descriptor set

X A R G XA XR XG AR AG RG XAR XAG XRG ARG XARG

MARS Degree 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Penalty 2 6 5 6 7 2 6 7 6 5 6 7 6 5 6

kNN k 15 13 14 16 9 19 17 19 18 17 18 19 17 18 19
q 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

SVM C 2 2 1 1 1 4 1 2 2 1 1 2 2 1 2
ε 0.5 0 0.250 0.250 0.125 0.125 0.250 0.250 0.250 0.125 0.250 0.125 0.125 0.125 0.250
σ 1 0.25 0.125 0.250 0.250 0.031 0.031 0.031 0.125 0.031 0.125 0.031 0.031 0.031 0.031

RF mtry 3 18 8 7 31 5 8 10 16 17 14 20 21 25 35
BRT Interaction depth 15 17 18 16 19 15 18 19 17 16 16 20 18 17 20

Number of trees 1114 1523 1573 1208 1371 2113 1610 2950 2181 2303 2213 2590 2854 2921 2859

5.3.2 Ensemble deep neural networks evaluated on the PDBbind 2014 benchmark

We trained and tested the ensemble neural network SFs, BsN-Dock, BgN-Dock, BsN-Score, BgN-

Score, and an updated (in-house) versions of RF-Score and X-Score on protein-ligand complexes

sampled from PDBbind 2014 according the procedures described in Section 2.1. A boosted re-

gression tree SF, BT-Dock, based on XGBoost algorithm was also constructed to substitute the

neural network SFs for computationally expensive experiments that require fitting large number

of models. Our neural network SFs and BT-Dock are trained and tested on complexes charac-

terized by the multi-perspective descriptors derived using the proposed DDB platform from 16
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different sources as described in Chapter 3. The parameters of these SFs were tuned in a con-

sistent manner to optimize the mean-squared prediction errors on validation complexes sampled

without replacement from the training set and independent of the test sets. Out-of-bag instances

were used as validation complexes for BgN-Score while a ten-fold cross-validation was conducted

for BsN-Score. The parameters that are tuned and their optimized values are described in Sec-

tion 4.4.6. The Python language libraries TensorFlow, XGBoost, and Scikit-learn were used to

construct BsN-Dock, BgN-Dock, BsN-Score, BgN-Score, BT-Dock, and our versions of RF-Score

and X-Score.

5.4 Results and discussion

5.4.1 Evaluation of the docking power of scoring functions

In contrast to our work presented in the previous chapter for improving and examining scoring and

ranking accuracies of different families of SFs, this chapter is devoted to enhancing and comparing

SFs in terms of their docking powers. Docking power measures the ability of an SF to distinguish a

promising binding mode from a less promising one. Typically, generated conformations are ranked

in non-ascending order according to their predicted binding affinity (BA). Ligand poses that are

very close to the experimentally-determined ones should be ranked high. Closeness is measured in

terms of RMSD (in Å) from the true binding pose. Generally, in docking, a pose whose RMSD is

within 2 Å from the true pose is considered a success or a hit.

In this chapter, we use comparison criteria similar to those used by Cheng et al. to compare the

docking accuracies of sixteen popular conventional SFs. Doing so ensures fair comparison of ML

SFs to those examined in that study in which each SF was assessed in terms of its ability to find the

pose that is closest to the native one. More specifically, docking ability is expressed in terms of a

success rate statistic S that accounts for the percentage of times an SF is able to find a pose whose

RMSD is within a predefined cutoff value C by only considering the N topmost poses ranked by

their predicted scores. Since success rates for various C (e.g., 0, 1, 2, and 3 Å) and N (e.g., 1,

2, 3, and 5) values are reported in this study, we use the notation SN
C to distinguish between these
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different statistics. For example, S2
1 is the percentage of protein-ligand complexes whose either one

of the two best scoring poses are within 1 Å from the true pose of a given complex. It should be

noted that S1
0 is the most stringent docking measure in which an SF is considered successful only if

the best scoring pose is the native pose. By the same token and based on the C and N values listed

earlier, the least strict docking performance statistic is S5
3 in which an SF is considered successful

if at least one of the five best scoring poses is within 3 Å from the true pose.

5.4.2 Docking-specific scoring functions vs. conventional approaches on a diverse test set

5.4.2.1 Docking performance on diverse protein families from PDBbind 2007

In this experiment, we compare the docking performance of the six ML SFs to the sixteen conven-

tional approaches on the core test Cr of PDBbind 2007 that comprises thousands of protein-ligand

complex conformations corresponding to 195 different native poses in 65 diverse protein families.

As mentioned earlier, we conducted two experiments. In the first, BA values predicted using the

conventional and ML SFs were used to rank poses in a non-ascending order for each complex in

Cr. In the other experiment, RMSD-based ML models directly predicted RMSD values that are

used to rank in non-descending order the poses for the given complex.

By examining the true RMSD values of the best N scoring ligands using the two prediction

approaches, success rates of SFs are computed; these are shown in Figure 5.2. Panels (a) and (b)

in the figure show the success rates S1
1, S1

2, and S1
3 for all 22 SFs. The SFs, as in the other panels,

are sorted in non-ascending order from the most stringent docking test statistic value to the least

stringent one. In the top two panels, for example, success rates are ranked based on S1
1, then S1

2

in case of a tie in S1
1, and finally S1

3 if two or more SFs tie in S1
2. In both BA- and RMSD-based

scoring, we find that the 22 SFs vary significantly in their docking performance. The top three

BA-based SFs, GOLD::ASP, DS::PLP1, and DrugScorePDB::PairSurf, have success rates of more

than 60% in terms of S1
1 measure. That is in comparison to the BA-based ML SFs, the best of which

has an S1
1 value barely exceeding 50% (Fig. 5.2(a)). On the other hand, the other six ML SFs that
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Figure 5.2: Success rates of scoring functions in identifying binding poses that are closest to
native conformations of complexes in PDBbind 2007. The results show these rates by examining
the top N scoring ligands that lie within an RMSD cut-off of C Å from their respective native
poses. Panels on the left show success rates when BA-based scoring is used and the ones on the
right show the same results when docking-specific SFs predicted RMSD values directly.
Accuracies of conventional SFs are re-depicted on right panels for comparison convenience.
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directly predict RMSD values achieve success rates of over 70% as shown in Figure 5.2(b). The

top performing of these ML SFs, MARS::XARG, has a success rate of∼80%. This is a significant

improvement (> 14%) over the best conventional SF, the empirical GOLD::ASP, whose S1
1 value is

∼70%. Similar conclusions can also be made for the less stringent docking performance measures

S1
2 and S1

3 in which the RMSD cut-off constraint is relaxed to 2 Å and 3 Å, respectively.

The success rates plotted in the top two panels (Figure 5.2 (a) and (b)) are reported when native

poses are included in the decoy sets. Panels (c) and (d) of the same figure show the impact of

removing the native poses on docking success rates of all SFs. It is clear that the performance of

almost all SFs does not radically decrease by examining the difference in their S1
2 statistics which

ranges from 0 to ∼5%. This is due to the fact that some of the poses in the decoy sets are actually

very close to the native ones. As a result, the impact of allowing native poses in the decoy sets is

insignificant in most cases and therefore we include such poses in all other tests in the paper.

In reality, more than one pose is usually used from the outcomes of a docking run in the next

stages of drug design for further experimentation. It is useful therefore to assess docking accuracy

of SFs when more than one pose is considered (i.e., N > 1). Figure 5.2 (e) and (f) show the success

rates of SFs when the RMSD values of the best 1, 2, and 3 scoring poses are examined. These

rates correspond, respectively, to S2
1, S2

2, and S2
3. The plots show a significant boost in performance

for almost all SFs. By comparing S2
1 to S2

3, we observe a jump in accuracy from 82% to 92% for

GOLD::ASP and from 87% to 96% for RF::RG that models RMSD values directly. Such results

signify the importance of examining an ensemble of top scoring poses because there is a very good

chance it contains relevant conformations and hence good drug candidates.

Upon developing RMSD-based ML scoring models, we noticed excellent improvement over

their binding-affinity-based counterparts as shown in Figure 5.2. We conducted an experiment to

investigate whether they will maintain a similar level of accuracy when ML SFs are examined for

their ability to pinpoint the native poses from their respective 100-pose decoy sets. The bottom

two panels, (g) and (h), plot the success rates in terms of S1
0, S3

0, and S5
0 for the six ML SFs. By

examining the five best scoring poses, we notice that the top BA-based SF, MLR::X, was able to
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distinguish native binding poses in ∼60% of the 195 decoy sets whereas the top RMSD-based

SF, MARS::XARG, achieved a success rate of S5
0 = 77% on the same protein-ligand complexes.

It should be noted that both sets of ML SFs, the BA- and RMSD-based, were trained and tested

on completely disjoint test sets. Therefore, this gap in performance is largely due to the explicit

modeling of RMSD values and the corresponding abundance of training data which includes in-

formation from both native and computationally-generated poses.

5.4.2.2 Docking performance on diverse protein families from PDBbind 2014

In this section, the docking-specific SFs based on boosted and bagged deep neural networks, BsN-

Dock and BgN-Dock, are compared against their scoring-specific counterparts BsN-Score and

BgN-Score as well as the ML SF RF-Score and the empirical SFs X-Score, ChemPLP, Chem-

Score, and GlideScore-SP on PDBbind 2014. The docking-specific NN SFs are RMSD-based

while the remaining models are trained on complexes labeled with binding affinity data. As in the

previous section, all nine SFs were evaluated based on their ability to find the native or near-native

binding pose for each of the 195 protein-ligand complex in the core test set Cr. In addition, six

of these SFs were further tested using the stratified cross-validation (CV) and leave-clusters-out

(LCO) approaches to assess their generalization abilities in identifying the correct binding poses

for known and novel protein targets.

Figure 5.3 shows the docking accuracy of the RMSD-based SFs BsN-Dock and BgN-Dock as

well as the BA-based models BsN-Score, BgN-Score, RF-Score, and X-Score in finding native or

near-native poses for ligands docked to known protein targets in the core (Cr) and cross-validation

(CV) test sets and novel proteins in the leave-clusters-out (LCO) test sets. More specifically, for

each SF and training-test sampling protocol (Cr, CV, and LCO), we report the SF’s success rates

(SN
C %) in identifying the binding pose that is within C Å from the native conformations by con-

sidering the top N scoring poses after ordering the hundred poses for each protein-ligand complex

based on the score predicted by the SF. We denote these success rates by S1
1, S2

1, and S3
1 in Fig-

ure 5.3 and we order SFs based on their average S1
1 value across the 195 PLCs in the core test set
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Figure 5.3: The docking accuracy of docking-specific (proposed) and binding-affinity-based
(conventional) scoring functions when evaluated on test complexes with proteins that are either
fully represented (Cr), partially represented (CV), or not represented (LCO) in the SFs’ training
data. The docking accuracy is expressed in terms of the success rates (S1

1, S1
2, and S1

3) of SFs in
identifying binding poses that are closest to native ones for protein-ligand complexes derived
from the refined set of PDBbind 2014.

(Cr). The figure clearly shows superior docking performance for the RMSD-based SFs BsN-Dock

and BgN-Dock on known and native targets alike. BsN-Dock and BgN-Dock are able to correctly

find the native or near-native ligand pose for 87% of the test protein targets by only examining

their top-scoring poses (i.e., by allowing them to output only one pose for each PLC). It should

be noted that there are 90 poses on average for each protein ligand complex in the test set that

are more than 1 Å RMSD away from the actual native conformation which for this test (C = 1)

considered to be non-native (or decoy) poses. Compare this to the BA-based SFs RF-Score and

X-Score whose success rates are less than 45%. This gap in performance, 42% in absolute points,

is due to three main reasons. First is the superior ensemble deep learning models used to train

BsN-Dock and BgN-Dock SFs as opposed to Random Forests (RF-Score) and linear-regression

(X-Score). Second, BsN-Dock and BgN-Dock are trained on large number of native and compu-

tationally generated poses and optimized to directly reduce the RMSD between generated poses

and the native ones. Third, BsN-Dock and BgN-Dock capture more important protein-ligand in-

teractions through a comprehensive and diverse set of multi-perspective descriptors. RF-Score
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and X-Score, on the other hand, are only trained on native protein-ligand complexes characterized

by smaller subset of descriptors and optimized to reduce the error between actual and estimated

binding affinity data. BsN-Score and BgN-Score use the same underlying deep learning-based

algorithms and multi-perspective descriptors employed by BsN-Dock and BgN-Dock which con-

tribute to their improved performance in comparison to RF-Score and X-Score. Their substantial

lag behind BsN-Dock and BgN-Dock, however, is attributed to the use of native protein-ligand

complexes with BA labels as training data instead of both native and computationally-generated

poses labeled with RMSD values on which BsN-Dock and BgN-Dock are trained. Therefore,

enriching the original complexes in PDBbind 2014 with computationally generated poses and re-

placing their binding affinity labels with our RMSD values boosted the docking performance of

our ensemble deep learning SFs by at least 25 absolute percentage points in terms of S1
1 success

rate (BsN-Dock = 87% vs. BsN-Score = 51%).
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Figure 5.4: The docking accuracy of docking-specific and best binding-affinity-based
(conventional) scoring functions on native and decoy conformations of ligands docked to diverse
proteins from the core test set of PDBbind 2014. The docking accuracy is expressed in terms of
the success rates (S1

2, S2
2, and S3

2) of SFs in identifying binding poses that are closest to the native
conformation for each protein-ligand complex in the test set.

BsN-Dock and BgN-Dock are also compared against the empirical SFs ChemPLP and Chem-

Score used in the commercial software GOLD and GlideScore-SP employed in the other popular
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commercial molecular modeling suite Schrödinger. These three SFs were the top performing pre-

dictors of binding poses according to a recent comparative study by Li et al. [25]. In that com-

parative study, the docking accuracies of ChemPLP, ChemScore, and GlideScore-SP, as well as 18

other popular SFs, were tested on the core test set of PDBbind 2014 which we also use to eval-

uate our models. Their performance was not reported for cross-validation and leave-clusters-out

tests and therefore we do not show them for all SFs in Figure 5.4. The figure shows the docking

accuracy in terms of the success rate of identifying the poses that are within 2 Å from the native

poses by only examining the top 1, 2, and 3 scoring poses out of a 100 total conformations for

each protein-ligand complex. BsN-Dock and BgN-Dock are at least 13 absolute percentage points

more accurate than ChemPLP and 30 percentage points ahead of X-Score in terms of S1
2 success

rate. This gap in performance confirms the superiority of BsN-Dock and BgN-Dock even against

the best approaches used in commercial tools to solve real-world problems.

5.4.3 Docking-specific scoring functions vs. conventional approaches on homogeneous test
sets

5.4.3.1 Docking performance on four protein families from PDBbind 2007

In the previous section, performance of 6 ML and 16 conventional SFs were assessed on the diverse

test set Cr of PDBbind 2007. The core set consists of more than sixty different protein families

each of which is related to a subset of protein families in Pr. That is, while the training and test

set complexes were different (at least for all the ML SFs), proteins present in the core test set were

also present in the training set, albeit bound to different ligands. A much more stringent test of

SFs is their evaluation on a completely new protein, i.e., when test set complexes all feature a

given protein—test set is homogeneous—and training set complexes do not feature that protein.

To address this issue, four homogeneous test sets were constructed corresponding to the four most

frequently occurring proteins in our data: HIV protease (112 complexes), trypsin (73), carbonic

anhydrase (44), and thrombin (38). Each of these protein-specific test sets was formed by extract-

ing complexes containing the protein from Cr (one cluster or three complexes) and Pr (remaining
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complexes). For each test set, we retrained BRT, RF, SVM, kNN, MARS, and MLR models on

the non-test-set complexes of Pr. Figure 5.5 shows the docking performance of resultant BA and

RMSD-based ML scoring models on the four protein families. The plots clearly show that success

rates of SFs are dependent on the protein family under investigation. It is easier for some SFs

to distinguish good poses for HIV protease and thrombin than for carbonic anhydrase. The best

performing SFs on HIV protease and thrombin complexes, MLR::XRG and MLR::XG, respec-

tively, achieve success rates of over 95% in terms of S3
1 as shown in panels (b) and (n), whereas

no SF exceeded 65% in success rate in case of carbonic anhydrase as demonstrated in panels (i)

and (j). Finding the native poses is even more challenging for all SFs, although we can notice that

RMSD-based SFs outperform those models that rank poses using predicted BA. The exception to

this is the SF MLR::XAR whose performance exceeds all RMSD-based ML models in terms of

the success rate in reproducing native poses as illustrated in panels (c) and (d).

The results also indicate that multivariate linear regression models (MLR), which are basically

empirical SFs, are the most accurate across the four families, whereas ensemble learning models,

RF and BRT, unlike their good performance in Figure 5.2, appear to be inferior compared to sim-

pler models in Figure 5.5. This can be attributed to the high rigidity of linear models compared to

ensemble approaches. In other words, linear models are not as sensitive as ensemble techniques to

the presence or absence of certain protein family in the data on which they are trained. On the other

hand, RF- and BRT-based SFs are more flexible and adaptive to their training data that in some

cases fail to generalize well enough to completely different test proteins as seen in Figure 5.5. In

practice, however, it has been observed that more than 92% of today’s drug targets are similar to

known proteins in PDB [113], an archive of high quality complexes from which our training and

test compounds originated. Therefore, if the goal of a docking run is to identify the most stable

poses, it is important to consider sophisticated SFs (such as RF and BRT) calibrated with training

sets containing some known binders to the target of interest. Simpler models, such as MLR and

MARS, tend to be more accurate when docking to novel proteins that are not present in training

data.
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Figure 5.5: Success rates of scoring function in identifying binding poses that are closest to native
conformations observed in four protein families in PDBbind 2007: HIV protease (a-d), trypsin
(e-h), carbonic anhydrase (i-l), and thrombin (m-p). The results show these rates by examining
the top N scoring ligands that lie within an RMSD cut-off of C Å from their respective native
poses. Panels on the left show success rates when binding-affinity-based scoring is used and the
ones on the right are for RMSD-based SFs.
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Sophisticated ML algorithms are not the only critical element in building a capable SF. Features

to which they are fitted also play an important role as can be seen in Figure 5.5. By comparing

the right panels to the ones on the left, we can notice that X-Score features (X) are almost always

present in BA-based SFs while those provided by GOLD (G) are used more to model RMSD

explicitly. This implies that X-Score features are more accurate than other feature sets in predicting

BA, while GOLD features are the best for estimating RMSD and hence poses close to the native

one.

5.4.3.2 Docking performance on four protein families from PDBbind 2014

In this section, we present the docking accuracy of six SFs in identifying the correct binding

pose of four protein families from the 2014 version of PDBbind. The four families are the same

targets we considered in the previous section. However, the number of complexes formed by

these families are larger in PDBbind 2014: 262 HIV protease, 170 carbonic anhydrase (CAH),

98 trypsin, and 79 thrombin complexes. The six SFs we evaluate here are the ensemble deep

learning-based models BsN-Dock, BgN-Dock, BsN-Score, BgN-Score, and two popular SFs from

the literature RF-Score and X-Score which are based on Random Forests and linear regression,

respectively. We build two sets of the ensemble deep neural networks models. BsN-Dock and BgN-

Dock are trained on the 2014 refined set complexes with native and computationally generated

poses characterized by DDB’s multi-perspective descriptors and labeled using RMSD values from

native poses. The second set includes BsN-Score and BgN-Score which are trained on the native

poses of the PDBbind 2014 refined set complexes without adding any computationally-generated

decoy poses. Therefore, BsN-Score and BgN-Score’s training complexes are labeled using their

measured binding affinity values just like the training data for RF-Score and X-Score. Similar to

BsN-Dock and BgN-Dock, BsN-Score and BgN-Score training complexes are also characterized

by DDB’s multi-perspective. The SF RF-Score uses 36 geometric descriptors based on counts of

different protein-ligand atom types, while X-Score employs six physiochemical descriptors.

The docking performance of the six SFs are shown in Figure 5.6 for the four protein families.

128



 9
7.

89
10

0.
00

10
0.

00

 9
7.

66
 9

8.
96

 9
8.

83

 5
5.

69
 7

2.
99

 8
5.

65

 5
5.

19
 7

1.
31

 8
3.

16

 5
8.

23
 7

3.
42

 7
9.

75

 2
7.

01
 4

5.
57

 6
2.

87

 8
9.

03
 9

5.
78

 9
7.

47

 8
8.

29
 9

4.
86

 9
8.

40

 3
4.

81
 4

8.
73

 3
4.

84
 4

7.
50

 2
7.

43
 6

0.
34

 7
1.

73

 2
0.

67
 4

9.
79

 6
6.

24

 9
9.

32
10

0.
00

10
0.

00

 9
9.

60
 9

9.
53

 9
8.

67

 5
0.

00
 7

6.
53

 8
4.

01

 4
9.

49
 7

5.
38

 8
4.

66

 3
6.

39
 6

7.
01

 7
4.

83

 3
6.

05
 5

7.
14

 8
2.

99
 9

3.
54

 9
4.

90

 8
2.

46
 9

2.
16

 9
5.

53

 2
5.

17
 4

2.
52

 2
4.

87
 4

1.
63

 2
5.

17
 3

7.
76

 2
3.

13
 3

8.
44

 9
7.

26
 9

9.
61

10
0.

00

 9
8.

01
 9

8.
84

 9
8.

32

 4
4.

31
 7

3.
72

 8
4.

12

 4
4.

63
 7

1.
72

 8
2.

60

 3
8.

83
 4

6.
86

 5
6.

47
 6

8.
63

 8
0.

39

 6
5.

10
 8

4.
31

 9
2.

55

 6
5.

51
 8

0.
79

 9
1.

81

 3
3.

92
 4

1.
57

 2
1.

77

 9
8.

60
 9

9.
87

10
0.

00

 9
6.

15
 9

8.
64

 9
8.

65

 4
9.

24
 7

5.
70

 8
2.

06

 4
8.

29
 7

6.
03

 8
2.

82

 3
0.

41
 5

3.
82

 5
5.

73

 2
3.

03
 3

8.
55

 4
6.

06

 8
3.

97
 9

6.
06

 9
6.

95

 8
0.

89
 9

2.
32

 9
3.

25

 2
5.

19

 2
5.

26

 3
0.

53
 3

2.
82

Thrombin (79 in−sample PLCs) Thrombin (79 out−of−sample PLCs)

Trypsin (98 in−sample PLCs) Trypsin (98 out−of−sample PLCs)

CAH (170 in−sample PLCs) CAH (170 out−of−sample PLCs)

HIV (262 in−sample PLCs) HIV (262 out−of−sample PLCs)

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

BsN
−D

oc
k

BgN
−D

oc
k

BsN
−S

co
re

BgN
−S

co
re

X−S
co

re

RF−S
co

re

BsN
−D

oc
k

BgN
−D

oc
k

BsN
−S

co
re

BgN
−S

co
re

X−S
co

re

RF−S
co

re

Scoring function

D
oc

ki
ng

 a
cc

ur
ac

y

Accuracy
S1

1%

S2
1%

S3
1%

Figure 5.6: Success rates of docking-specific (proposed) and binding-affinity-based
(conventional) scoring functions in identifying binding poses that are closest to the native
conformations observed in four protein families from PDBbind 2014: HIV protease, carbonic
anhydrase (CAH), trypsin, and thrombin. The results show these rates by examining the top
N = 1 scoring ligands that lie within an RMSD cut-off of C ∈ {1,2,3} Å from their respective
native poses. Panels on the left show in-sample success rates and the ones on the right show the
out-of-sample docking accuracies.
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The left panels summarize the in-sample docking accuracies in terms of S1
1, S1

2, and S1
3 success

rates. BsN-Dock and BgN-Dock perfectly recognize the correct poses for the four protein families

they encountered in their training data. The four other scoring functions failed in more than fifty

percent of the cases (S1
1) even though all the protein-ligand complexes are part of their training data.

This implies the difficulty of the task of finding the relationship between BA and RMSD values for

BA-based SFs. RMSD-based SFs perform very well in ranking the ligand poses correctly whether

the four test protein families are part of their training data or out-of-sample as shown in the right

panels of Figure 5.6. We notice a slight drop in performance for BsN-Dock and BgN-Dock in

this test when neither the PLCs nor even the proteins are part of their training data. On the other

hand, the other four SFs fail completely in identifying the native or near native poses even when

considering poses that are 3 Å away as “near-native” (S1
3). This experiment, yet again, highlights

the potential of our RMSD-based approach in identifying binding poses correctly even for novel

protein targets that they have never seen before.

5.4.4 Performance of docking-specific scoring functions on novel targets

5.4.4.1 Simulating novel targets using PDBbind 2007

The primary training-core test set pair (Pr, Cr) sampled from PDBbind 2007 PLCs is a useful

benchmark when the aim is to evaluate the performance of SFs on targets that have some degree

of sequence similarity with at least one protein present in the complexes of the training set. This

is typically the case since, as it was mentioned earlier, 92% of drug targets are similar to known

proteins [113]. When the goal is to assess SFs in the context of novel protein targets, however, the

training-test set pair (Pr, Cr) is not that suitable because of the partial overlap in protein families

between Pr and Cr. We considered this issue to some extent in the previous section, where we

investigated the docking accuracy of SFs on four different protein-specific test sets after training

them on complexes that did not have the protein under consideration. This resulted in a drop in

performance of all SFs, especially, in the case of carbonic anhydrase as a target. However, even if
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there are no common proteins between training and test set complexes, different proteins at their

binding sites may have sequence and structural similarities, which influence docking results. To

more rigorously and systematically assess the performance of BA and RMSD-based ML SFs on

novel targets, we performed a separate set of experiments in which we limited BLAST sequence

similarity between the binding sites of proteins present in the training and test set complexes.

Sequence similarity was used to construct the core test set and it was also noted by Ballester and

Mitchell as being relevant to testing the efficacy of SFs on a novel target [29].

Specifically, for each similarity cut-off value S = 30%, 40%, 50%, ..., 100%, we constructed

100 different independent 100-complex test and T-complex training set pairs. Two versions were

created out of these training and test set pairs. The first version uses BA as a response variable

that SFs will be fitted to, predict, and employ to assess poses. The response variable of the other

version is the RMSD value of true poses (RMSD = 0 Å) and computer generated decoys (with

10 Å ≤ RMSD > 0 Å) of each original protein-ligand complex in every training and test dataset

pair. A total of 20 poses per complex have been used in this second version. Then, we trained

BA and RMSD scoring models (MLR, MARS, kNN, SVM, RF, and BRT) using XARG features

on the training set and evaluated them on the corresponding test set, and determined their average

performance over the 100 training-test-set pairs to obtain robust results. Since SF docking per-

formance depends upon both similarity cut-off and training set size and since training set size is

constrained by similarity cut-off (a larger S means a larger feasible T), we investigated different

ranges of S (30% to 100%, 50% to 100%, and 70% to 100%) and for each range we set T close to

the largest feasible value for the smallest S value in that range. Each test and training set pair was

constructed as follows. We randomly sampled a test set of 100 protein-ligand complexes without

replacement from all complexes at our disposal: 1105 in Pr + 195 in Cr = 1300 complexes. The

remaining 1200 complexes were randomly scanned until T different complexes were found that

had protein binding site similarity of S% or less with the protein binding sites of all complexes in

the test set — if less than T such complexes were found, then the process was repeated with a new

100-complex test set.
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Figure 5.7: Docking accuracy of docking-specific (proposed) and BA-based (conventional)
scoring models as a function of BLAST sequence similarity cutoff between binding sites of
proteins in training and test complexes. The docking accuracy is expressed in terms of S1

1 success
rate obtained by examining the top N = 1 scoring ligand that lies within an RMSD cut-off of
C = 1 Å from its respective native pose. In panels (a)-(c), a single (native) pose is used per
training complex, whereas in panels (d)-(f) 20 randomly-selected poses are used per training
complex. Training and test complexes are sampled from the refined set of PDBbind 2007.

The performance of the six scoring models in terms of their S1
1 docking accuracy is depicted in

Figure 5.7 for various similarity cut-offs and training set sizes. The plots in each column ((a) and

(d), (b) and (e), and (c) and (f) of Figure 5.7) show docking power results for similarity cut-offs

of 30% to 100%, 50% to 100%, and 70% to 100% for which T = 100, 400, and 700 complexes

is the largest training set size feasible for S = 30%, 50%, and 70%, respectively. The results

in these plots are consistent with those obtained for the four protein families presented in the

previous section and illustrated in Figure 5.5. More specifically, we notice that simpler models

such as MLR::XARG and MARS::XARG perform the best across almost all values of similarity

cut-offs (S = 30%, 50%, or 70%-100%), training set sizes (T = 100, 400, or 700 complexes), and
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response variables (Y = BA or RMSD). This is mainly due to their rigidity. The performance

of such models do not suffer as much as the more flexible ML SFs when their training and test

proteins have low sequence similarity. On the other hand, the SFs based on MLR and MARS

are also less responsive to increasing the similarity between protein families in the training and

test sets. Unlike the other four non-linear ML SFs, we can observe that the performance curves

of MLR and MARS are flat and do not seem to react to having more and more similar training

and test proteins. This observation is more clear in the bottom row of plots of Figure 5.7 where

the training set sizes are large enough (i.e., 2000 ligand poses or more). Plot (f) shows that the

RMSD-based SFs RF and BRT are catching up with MLR and MARS and can eventually surpass

them in terms of performance as training set sizes become larger. Similar to RF and BRT, the other

non-linear RMSD SFs, namely kNN and SVM, have the sharpest increase in docking performance

as similarity cut-off S increases. However, unlike the ensemble SFs RF and BRT, kNN and SVM

SFs are the least reliable models when ligand poses need to be scored for novel targets.

To summarize, imposing a sequence similarity cut-off between the binding sites of proteins

in training and test set complexes has an expected adverse impact on the accuracy of all scoring

models. However, increasing the number of training complexes helps improve accuracy for all

similarity cut-offs as we will show in more detail in the next section. Scoring functions based on

MLR and MARS have the best accuracy when training set sizes are small which is typically the

case when the response variable is binding affinity. The other generally-competitive ML models

are RF and BRT whose accuracies surpass all other SFs when evaluated on targets that have some

sequence similarity with their training proteins.

5.4.4.2 Simulating novel targets using PDBbind 2014

Similar to the objective of the previous experiment described in Section 5.4.4.1, the aim of this

simulation is to compare the docking accuracy of the proposed docking-specific SFs to the generic

binding affinity-based approaches on novel protein targets. The scoring functions we consider

here are trained and evaluated on data sets from the larger and more recent version of PDBbind.
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From the 3446 PLCs of PDBbind 2014, we randomly sample a test set of 100 complexes each

of which is associated with 100 decoy and native ligand poses. From the remaining 3346 com-

plexes, we randomly sample 3000 training PLCs where each of which must not have a binding

pocket with a BLAST similarity of more than S% with any of the 100 test set proteins. If we

are unable to find such complexes in the 3346 PLCs, we repeat this random sampling process

several times until the similarity restriction is met for every similarity cut off value S, where S

∈ {30%,50%,70%,90%,100%}. We then build four SFs using the 3000 training complexes and

test their docking accuracy on the 100 novel targets whose binding sites have less than S% BLAST

similarity with the binding pockets of the training complexes. This procedure is repeated 50 times

for every similarity level S to obtain robust summary values of docking success rates S1
1 and S2

1 as

shown in Figure 5.8. The four scoring functions tested here are: (i) BT-Dock, the docking-specific

boosted decision trees model fitted to native and computationally-generated poses characterized by

DDB’s multi-perspective descriptors and labeled using RMSD values; (ii) BT-Score, the generic,

scoring-specific counterpart of BT-Dock that is also based on a boosted ensemble of decision trees

fitted to complexes characterized by DDB’s multi-perspective descriptors. However, BT-Score is

only trained on the native poses of these complexes labeled with BA-data. The decision to re-

place deep neural networks with decision trees as base learners for the boosted ensemble model is

based on computational considerations. This experiment involves training large number of models

to obtain statistically significant results. Since deep neural networks require hefty computational

resources, training hundreds of them is impractical for this test and the models in the following

sections. We believe BT-Dock and BT-Score resemble BsN-Dock and BsN-Score, respectively, at

least with respect to their performance trends across different similarity values. (iii) RF-Score, the

Random Forests based scoring functions trained on complexes with native poses characterized by

the 36 geometric features and labeled using BA-data. (iv) X-Score, the empirical SF based on a lin-

ear regression model fitted to native complexes with binding affinity labels and 6 physiochemical

descriptors.

The docking performance trends in Figure 5.8 across the various levels of similarity cutoffs
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Figure 5.8: Docking accuracy of docking-specific (proposed) and BA-based (conventional)
scoring models as a function of BLAST sequence similarity cutoff between binding sites of
proteins in training and test complexes. The docking accuracy is expressed in terms of S1

1 and S1
2

success rates obtained by examining the top N = 1 scoring ligand that lies within an RMSD
cut-off of C ∈ {1,2} Å from its respective native pose. The docking-specific SF BT-Dock is
trained on 100 computer-generated poses for each of its 3000 native protein-ligand complexes.
Training and test complexes are sampled from the refined set of PDBbind 2014.

resemble those obtained using PDBbind 2007 and depicted in Figure 5.7. BT-Dock achieves sub-

stantially better ranking accuracy of ligand poses for each novel test protein. The accuracy of

BT-Dock gradually becomes better as the binding pocket similarity between its training and test

proteins moves past the 70% cutoff. On the other hand, the S1
1 success rate of BA-based SFs,

BT-Score, X-Score, and RF-Score is less than 50% and does not show any sign of improvement

even when tested on familiar targets (with BLAST similarity S≥ 90%). It should be noted that the

only difference between the RMSD-based SF BT-Dock and its sister BA-based model BT-Score

is the use of computational ligand poses during training BT-Dock whose dependent variable is the

RMSD distances of ligand poses from their respective novel conformations. This difference in

modeling is responsible for attaining the gap in performance shown in Figure 5.8.

135



5.4.5 Impact of the number of training protein-ligand complexes on the docking accuracy

5.4.5.1 Simulating increasing training set size using PDBbind 2007

An important factor influencing the accuracy of ML SFs is the size of the training dataset. In the

case of BA-based ML SFs, training dataset size can be increased by training on a larger set of

protein-ligand complexes with known binding affinity values. In the case of RMSD-based SFs, on

the other hand, training dataset size can be increased not only by considering a large number of

protein-ligand complexes in the training set, but also by using a larger number of computationally-

generated ligand poses per complex since each pose provides a new training record because it

corresponds to a different combination of features and/or RMSD value. Unlike experimental bind-

ing affinity values, which have inherent noise and require additional resources to obtain, RMSD

from the native conformation for a new ligand pose is computationally determined and is accurate.

We carried out three different experiments to determine: (i) the response of BA-based ML SFs

to increasing number of training protein-ligand complexes, (ii) the response of RMSD-based ML

SFs to increasing number of training protein-ligand complexes while the number of poses for each

complex is fixed at 50, and (iii) the response of RMSD-based ML SFs to increasing number of

computationally-generated poses while the number of protein-ligand complexes is fixed at 1105.

In the first two experiments, we built 6 ML SFs, each of which was trained on a randomly sampled

x% of the 1105 protein-ligand complexes in PDBbind 2007 Pr dataset, where x = 10,20, . . . ,100.

The dependent variable in the first experiment is binding affinity (Y = BA), and the performance of

these BA-based ML SFs is shown in Figure 5.9(a) and partly in Figure 5.9(d) (MLR::XARG). The

set of RMSD values from the native pose is used as a dependent variable for ML SFs trained in the

second experiment (Y = RMSD). For a given value of x, the number of conformations is fixed at

50 ligand poses for each protein-ligand complex. The docking accuracy of these RMSD-based ML

models is shown in Figure 5.9(b). In the third experiment, all 1105 complexes in Pr were used for

training the RMSD-based ML SFs (i.e., Y = RMSD) with x randomly sampled poses considered

per complex, where x = 2,6,10, . . . ,50; results for this are reported in Figure 5.9(c) and partly
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in Figure 5.9(d) (MARS::XARG). In all three experiments, results reported are the average of 50

random runs in order to ensure all complexes and a variety of poses are equally represented. All

training and test complexes in these experiments are characterized by the XARG (=X ∪A∪R∪G)

features.
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Figure 5.9: Dependence of docking accuracy of docking-specific and binding-affinity-based
scoring models on training set size when training complexes are selected randomly (without
replacement) from the refined set of PDBbind 2007 and the models are tested on the
out-of-sample core (Cr) set. The size of the training data was increased by including more
protein-ligand complexes ((a) and (b)) or more computationally-generated poses for all
complexes ((c) and (d)).

From Figure 5.9(a), it is evident that increasing training dataset size has a positive impact on

docking accuracy (measured in terms of S1
1 success rate), although it is most appreciable in the case

of MLR::XARG and MARS::XARG, two of the simpler models, MLR being linear and MARS

being piecewise linear. The performance of the other models, which are all highly nonlinear, seems

to saturate at 60% of the maximum training dataset size used. The performance of all six models is
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quite modest, with MLR::XARG being the only one with docking success rate (slightly) in excess

of 50%. The explanation for these results is that binding affinity is not a very good response

variable to learn for the docking problem because the models are trained only on native poses (for

which binding affinity data is available) although they need to be able to distinguish between native

and non-native poses during testing. This means that the training data is not particularly well suited

for the task for which these models are used. An additional reason is that experimental binding

affinity data, though useful, is inherently noisy. The flexible highly nonlinear models, RF, BRT,

SVM, and kNN, are susceptible to this noise because the training dataset (arising only from native

poses) is not particularly relevant to the test scenario (consisting of both native and non-native

poses). Therefore, the more rigid MLR and MARS models fair better in this case.

When RMSD is used as the response variable, the training set consists of data from both na-

tive and non-native poses and hence is more relevant to the test scenario and the RMSD values,

being computationally determined, are also accurate. Consequently, docking accuracy of all SFs

improves dramatically compared to their BA-based counterparts as can be observed by compar-

ing Figure 5.9(a) to Figure 5.9(b) and (c). We also notice that all SFs respond favorably to in-

creasing training set size by either considering more training complexes (Figure 5.9(b)) or more

computationally-generated training poses (Figure 5.9(c)). Even for the smallest training set sizes

in Figure 5.9(b) and (c), we notice that the docking accuracy of most RMSD-based SFs is about

70% or more, which is far better than the roughly 50% success rate for the largest training set size

for the best BA-based SF MLR::XARG.

In Figure 5.9(d), we compare the top performing RMSD SF, MARS::XARG, to the best BA-

based SFs, GOLD::ASP and MLR::XARG, to show how docking performance can be improved by

just increasing the number of computationally-generated poses, an important feature that RMSD-

based SFs possess but which is lacking in their BA-based conventional counterparts. To increase

the performance of these BA-based SFs to a comparable level, thousands of protein-ligand com-

plexes with high-quality experimentally-determined binding affinity data need to be collected.

Such a requirement is too expensive to meet in practice. Furthermore, RMSD-based SFs with
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the same training complexes will still likely outperform BA-based SFs.

5.4.5.2 Simulating increasing training set size using PDBbind 2014

The number of protein ligand complexes in PDBbind has increased from 1300 in 2007 to 3446 in

2014. In this section, we use the updated dataset to re-evaluate the capacity of BA- and RMSD-

based SFs in utilizing an increasing number of complexes to improve their performance. There-

fore, we follow a very similar experimental setup to the one we describe in the previous subsection

(5.4.5.1). This section however, focuses on the docking-specific (RMSD-based) SF BT-Dock and

the three BA-based models BT-Score, RF-Score, and X-Score. We conduct two sets of experi-

ments on the 2014 version PDBbind similar to those performed using the 2007 release. In the first,

we train the four SFs on training sets of x protein-ligand complexes randomly sampled from the

3446-complex refined set of PDBbind 2014 where x ∈ {100,680,1260,1840,2420,3000}. The

SFs are then tested on 195 PLCs randomly sampled from the remaining (3446− x) complexes in

the refined set. The training and test complexes are characterized using the 2714 proposed multi-

perspective descriptors for BT-Dock and BT-Score. RF-Score extracts 36 geometrical features of

atomic pair-wise counts while X-Score relies on its 6 physiochemical descriptors to characterize

the complexes. The three generic SFs BT-Score, RF-Score and X-Score are trained on the native

poses of the x training complexes whose labels are the measured binding affinity values. The pro-

posed docking-specific SF BT-Dock is trained on 100 native and computationally-generated poses

for each training complex and uses their root-mean-square distances from the native conformations

as a dependent variable. For each training set size x, the four SFs are tested on their ability in iden-

tifying the native or near-native pose of the test protein-ligand complexes. Each test protein-ligand

complex is associated with 100 poses, the vast majority (90%) of them are decoys. The success

rates (in terms of S1
1 and S2

1) are then reported for each SF and averaged over 50 runs for every

training set size x to obtain reliable results. The average success rates for BT-Dock, BT-Score,

RF-Score, and X-Score are shown in Figure 5.10

The plot shows that the accuracy of the docking-specific SF BT-Dock is superior to the three
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Figure 5.10: Dependence of docking accuracy of docking-specific and binding-affinity-based
scoring models on training set size when training complexes are selected randomly (without
replacement) from the refined set of PDBbind 2014 and the models are tested on the
out-of-sample core (Cr) set. The docking accuracy is expressed in terms of S1

1 and S1
2 success

rates obtained by examining the top N = 1 scoring ligand that lies within an RMSD cut-off of
C ∈ {1,2} Å from its respective native pose.

BA-based SFs even for 100 training PLCs. Increasing the training data consistently improves BT-

Dock and BT-Score followed by X-Score. RF-Score appears to be less responsive to increasing its

training data size. We attribute this mainly to the type of features that RF-Score uses to characterize

the protein-ligand molecules. When we fitted a Random Forests model (the algorithm that the SF

RF-Score uses) to the 2714 multi-perspective descriptors generated using the proposed Descriptor

Data Bank (DDB) we observed an improvement trend on par with BT-Score.

In the second experiment, we test how the docking accuracy of the best performing SF BT-

Dock reacts to different sizes of the computationally generated poses for each training complex.

To answer this question, we trained BT-Dock on a fixed number of 3000 complexes with increasing

number of ligand poses x, where x ∈ {10,20,40,60,80,100}. The three BA-based SFs BT-Score,

RF-Score, and X-Score are trained on a fixed size of 3000 complexes with their native confor-

mations. We use the BA-based SFs in this experiment as baseline models to compare against the
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proposed BT-Dock model. The types of descriptors, the labels of PLCs, and the test complexes

are the same for every SF as the ones described for the previous experiment. The docking success

rates S1
1 and S1

2 for the four SFs are summarized in Figure 5.11.
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Figure 5.11: Dependence of docking accuracy of the docking-specific model BT-Dock on the
number of training poses generated for each native conformation of 3000 protein-ligand
complexes selected randomly (without replacement) from the refined set of PDBbind 2014. The
three binding-affinity-based SFs BT-Score, RF-Score, and X-Score are only trained on the native
conformations. The docking accuracy is expressed in terms of S1

1 and S1
2 success rates obtained by

examining the top N = 1 scoring ligand that lies within an RMSD cut-off of C ∈ {1,2} Å from its
respective native pose in the core test set.

The accuracy of BT-Dock is substantially benefiting from generating more computational poses

for each training protein-ligand complex. Enriching the performance of an SF without using more

native complexes is a very desirable outcome since solving the native structure of a protein-ligand

complex and determining its binding affinity value is an expensive task. Therefore, we believe

virtual enrichment of training data should be pursued when possible for applications in which

experimental data is difficult to obtain.
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5.4.6 Impact of the type and number of descriptors on the docking accuracy

5.4.6.1 Type and number of raw descriptors characterizing PDBbind 2007 complexes

The binding pose of a protein-ligand complex depends on many physiochemical interaction factors

that are too complex to be accurately captured by any one approach. Therefore, we perform two

different experiments to investigate how utilizing different types of features from different scoring

tools, X-Score, AffiScore, RF-Score, and GOLD, and considering an increasing number of features

affects the performance of the various ML models. In the first experiment, the 6 ML models were

trained on the 2007 Pr dataset characterized by all 15 combinations of X, A, R, and G feature types

and tested on the corresponding PDBbind 2007 core test Cr characterized by the same features.

Table 5.2 reports the S1
1 docking success rate for three groups of ML SFs. The first set (Table 5.2 top

part) of 90 (6 methods× 15 feature combinations) BA-based SFs is trained on 1105 Pr complexes.

The second set (Table 5.2 middle part) of 90 RMSD-based SFs is again trained on the 1105 Pr

complexes with one randomly sampled pose from 50 poses generated per complex. Therefore, the

training set size for these first two groups of SFs is identical and consists of 1105 training records,

with the only difference being the response variable that they are trained for, BA in the first case and

RMSD in the second case. The final (Table 5.2 bottom part) 90 RMSD-based SFs are trained on

1105 Pr complexes, with 50 poses per complex, so that its training set size is 1105×50 = 55,250

records.

We notice that the S1
1 value of almost all models improves by considering more than one type

of feature rather than just X, A, R, or G features alone. The table also shows that RMSD SFs are

substantially more accurate than their BA counterparts for each feature type and ML method. By

comparing the 180 RMSD SFs with the corresponding 90 BA SFs across all feature types and ML

models, we find that the former are, on average, almost twice as accurate as the BA approaches

(50.64% and 57.61% vs. 27.95% — see Table 5.2 rightmost column). In terms of feature types,

we note that the most accurate SFs always include X-Score and GOLD features. SFs that are
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Table 5.2: Docking success rate S1
1 (in %) of ML SFs complexes characterized by different

descriptors

Y (T) Model Descriptor set

X A R G XA XR XG AR AG RG XAR XAG XRG ARG XARG Average

B
A

(1
10

5)

MARS 28.72 20.00 5.13 18.46 34.36 36.92 28.21 21.03 16.41 8.21 37.95 28.72 40.00 8.21 36.41 24.58
RF 23.08 23.08 10.77 24.10 30.52 30.77 37.44 21.54 30.00 25.65 31.03 34.12 39.75 25.90 32.31 28.00
SVM 26.67 30.26 4.62 19.49 30.77 23.08 29.23 20.51 41.54 30.26 26.15 42.05 37.44 38.97 41.54 29.51
MLR 43.08 18.97 9.74 28.21 33.33 46.67 47.18 21.03 40.00 33.85 46.15 49.23 49.74 40.00 51.28 37.23
BRT 23.85 25.39 9.24 39.23 30.52 30.26 42.31 22.82 37.69 33.85 33.85 44.36 44.62 36.67 43.08 33.18
kNN 17.95 11.28 8.72 16.41 9.23 18.46 15.90 11.28 15.38 17.95 15.38 17.44 21.03 14.36 17.44 15.21
Average 27.22 21.50 8.04 24.32 28.12 31.03 33.38 19.71 30.17 24.96 31.75 35.99 38.76 27.35 37.01 27.95

R
M

SD
(1

10
5)

MARS 45.64 42.05 26.15 72.31 54.87 52.31 73.85 33.85 70.26 71.28 52.82 70.26 72.82 67.18 75.90 58.77
RF 32.72 32.31 13.85 67.39 39.80 42.26 70.36 32.10 64.82 68.10 41.95 64.82 72.00 64.51 67.18 51.61
SVM 29.74 28.72 6.15 66.15 37.95 30.77 70.77 32.31 61.54 56.41 45.64 64.10 62.05 58.97 63.08 47.62
MLR 44.62 35.90 6.15 70.26 58.46 54.36 72.31 40.51 70.26 65.64 56.92 75.90 70.26 67.69 69.23 57.23
BRT 38.77 34.87 8.10 70.98 52.00 41.13 74.77 35.59 67.70 69.02 48.92 71.39 72.51 65.33 67.49 54.57
kNN 31.79 24.10 3.08 55.38 30.77 17.44 62.56 15.90 40.00 38.97 22.05 44.62 45.13 37.95 41.03 34.05
Average 37.21 32.99 10.58 67.08 45.64 39.71 70.77 31.71 62.43 61.57 44.72 65.18 65.79 60.27 63.98 50.64

R
M

SD
(1

10
5x

50
) MARS 44.10 31.79 5.13 72.82 62.56 49.74 75.38 34.87 73.33 70.77 64.10 76.92 72.31 72.31 78.97 59.01

RF 39.39 48.10 22.46 70.77 61.95 54.77 72.41 50.97 73.64 75.18 63.79 76.00 75.49 75.28 76.90 62.47
SVM 36.41 43.08 10.26 66.15 54.87 43.08 70.77 43.08 71.79 65.13 57.95 74.36 72.31 69.74 70.77 56.65
MLR 45.64 36.41 6.15 70.26 56.92 52.31 73.34 37.95 71.79 71.28 57.44 72.82 71.79 70.77 73.33 57.88
BRT 46.15 36.92 13.33 71.59 54.36 54.87 71.59 42.56 70.77 70.77 56.92 70.26 72.31 71.28 71.28 58.33
kNN 36.41 46.15 23.59 61.03 51.28 41.03 71.28 45.13 60.00 53.33 49.23 61.54 60.51 53.33 55.90 51.32
Average 41.35 40.41 13.49 68.77 57.01 49.30 72.46 42.43 70.22 67.69 58.24 72.05 70.68 69.23 70.63 57.61

fitted to the individual X and G features only are more accurate than their A and R counterparts

whether they are BA or RMSD models. By averaging the performance of all ML models across all

feature types, we see that the simple linear approach MLR outperforms other more sophisticated

ML SFs that are trained to predict binding affinity. MARS outperforms all other RMSD SFs that

are trained on the same number of training records (1105) as their BA counterparts. The lower part

of the table shows that the ensemble SF RF that predicts the binding pose directly has the highest

docking accuracy (62.47%), on the average, across 15 different feature types and MARS::XARG

has the highest docking accuracy (78.97%) overall. Comparing the two versions of RMSD SFs

in the middle and lower portions of the table, we notice that the largest gainers from increasing

training set size are the most nonlinear ML techniques (RF, BRT, SVM and kNN). The results of

Table 5.2 are useful in assessing the relative benefit of different types of features for the various

ML models.

A pertinent issue when considering a variety of features is how well different SF models exploit

an increasing number of features. The features we consider are the X, A, G, and a larger set of
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1Figure 5.12: Dependence of docking accuracy of docking-specific (proposed) and
binding-affinity-based (conventional) scoring models on the number of features. The features are
drawn randomly (without replacement) from a pool of X, A, R, and G-type features and used to
characterize the training and out-of-sample core Cr test set complexes of PDBbind 2007. In
panels (a) and (b), a single pose (native pose in (a) and randomly-selected pose in (b)) is used per
training complex, whereas in panel (c) 50 randomly-selected poses are used per training complex.

geometrical features than the R feature set available from the RF-Score tool. Recall from the

Compound Characterization subsection that RF-Score counts the number of occurrences of 36

different protein-ligand atom pairs within a distance of 12 Å. In order to have more features of

this kind for this experiment, we produce 36 such counts for five contiguous distance intervals of 4

Å each: (0 Å, 4 Å], (4 Å, 8 Å], . . . , (16 Å, 20 Å]. This provides us 6 X, 30 A, 14 G, and (36×5 =)

180 geometrical features or a total of 220 features. We randomly select (without replacement) x

features from this pool, where x = 20,60,100, . . . ,220, and use them to characterize the Pr dataset,

which we then use to train the six ML models. These models are subsequently tested on the core

(Cr) dataset characterized by the same features. This process is repeated 100 times to obtain robust

average S1
1 statistics, which are plotted in Figure 5.12.

The performance of the BA SFs is depicted in Figure 5.12(a) whereas panels (b) and (c) of

the same figure show the docking success rates for the RMSD versions of the scoring models. In

order to fairly compare the docking performance of BA and RMSD SFs as number of features

increase, we fixed their training set sizes to 1105 complexes as shown in Figure 5.12 (a) and

(b). We also show in Figure 5.12(c) the effect of increasing number of features on the docking

performance of RMSD SFs when trained on all Pr complexes, with 50 poses per complex. The
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plots clearly indicate that RMSD SFs benefit the most from characterizing complexes with more

descriptors. This is the case regardless of the number of records used to train RMSD SFs (compare

plots (b) and (c) in Figure 5.12). The only exception is the RMSD SF based on SVM where it

appears to overfit the 1105 training records when they are characterized by more than 60 features.

This ML scoring function, however, performs better when trained on larger number of records

and shows a slight increase in performance as more features are included in building the model.

Other RMSD SFs such as RF, BRT, MLR, and MARS have much sharper slopes than SVM and

kNN. Compare these SFs to their BA counterparts in Figure 5.12(a) where most of them show

none to little improvement as the number of features increases due to overfitting. Not only are they

resilient to overfitting, most RMSD SFs improve dramatically by extracting more relevant features.

Adding more features may result in highest gains in performance when more training complexes

are included as was discussed in the previous subsection.

5.4.6.2 Number of descriptor sets characterizing PDBbind 2014 complexes

Public biochemical databases such as PDB [81], PubChem [71], PDBbind [22], Zinc [68], and oth-

ers are the inspiring successful projects behind the creation of Descriptor Data Bank (DDB). These

public databases have had a tremendous impact on advancing virtual screening and other molecular

modeling applications. We believe our descriptor database will be a very important complement

in this space of public biochemical data and will significantly contribute to the advancement of

machine-learning scoring functions. We showed in Section 5.4.5 the substantial improvement to

the docking accuracy of SFs when trained on more complexes obtained from the public database

PDBbind 2007 and 2014. In this section, we quantitatively show how SFs benefit from training

on public complexes characterized by an increasing number of descriptor sets using the 2014 ver-

sion of PDBbind. In other words, we demonstrate how the performance of SFs enhance as new

perspectives of protein-ligand interactions are added to public databases overtime.

To investigate the effect of increasing the number of descriptor sets, we randomly select a max-

imum of 100 combinations of x descriptor sets from all possible (16 choose x) combinations of the
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Figure 5.13: Dependence of docking accuracy of docking-specific (proposed) and
binding-affinity-based (conventional) scoring models on the number of descriptor (feature) sets.
The sets are drawn randomly (without replacement) from a pool of 16 feature types in Descriptor
Data Bank (DDB) and used to characterize the training and out-of-sample core Cr test set
complexes of PDBbind 2014. The docking accuracy is expressed in terms of S1

1 and S1
2 success

rates obtained by examining the top N = 1 scoring ligand that lies within an RMSD cut-off of
C ∈ {1,2} Å from its respective native pose in the core test set.

16 DDB types listed in Table 3.1, where x ∈ {1,4,7,10,13,16}, and use them to characterize the

training set complexes, which we then use to train the RMSD-based SF BT-Dock and its BA-based

counterpart BT-Score. We also fit a Random Forests and linear regression models to these descrip-

tors which we call RF-Score and X-Score for notational convenience. We choose these models in

particular due to their use in constructing the SFs RF-Score and X-Score from the literature which

were originally fitted to different descriptor sets of 36 geometrical features and 6 physiochemical

terms, respectively. The four SFs, BT-Dock, BT-Score, RF-Score and X-Score, are subsequently

tested on the Cr dataset characterized by the same descriptors on which they were trained. For

each number of descriptor sets, x, the performance of the 100 SFs are averaged to obtain robust

overall docking success rates S1
1 and S1

2, which are plotted in Figure 5.13. Similar to the case of

increasing training data in terms of new PLCs, the performance of the ensemble SFs BT-Dock, and
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RF-Score are clearly benefiting from increasing the number of protein-ligand interaction models.

The level of improvement for the three SFs with increasing the number of descriptor sets is on

par or better with that observed when increasing their number of training complexes. The linear

regression model suffers serious overfitting problems when trained on large and diverse sets of

features as can be observed in the plot. A similar behavior was also observed for the MLR model

in Figure 5.12(b) when it was fitted to an increasing number of descriptors.

For the proposed RMSD-based SF BT-Dock in particular, it is clear from the plots in Fig-

ure 5.13 and 5.10 that the number of different models of protein-ligand interactions are as impor-

tant as the number of its training complexes in improving the quality of the SF’s prediction. Based

on these results, we believe that the public database of protein-ligand interactions we are propos-

ing in this work will be of high value to ML SFs and just as important to their accuracy as the

repositories of molecular structures and experimental assay data.

5.5 Conclusion

We found that docking-specific ML models trained to explicitly predict RMSD values signifi-

cantly outperform all conventional SFs in almost all testing scenarios. The estimated RMSD values

of such models have a correlation coefficient of 0.825 on average with the true RMSD values. On

the other hand, predicted binding affinities have a correlation of as low as -0.3 with the measured

RMSD values. This difference in correlation explains the wide gap in docking performance be-

tween the top SFs of the two approaches. Our docking-specific SF based on boosted deep neural

networks correctly identified the correct ligand binding poses for 95% of the protein targets in

the core test set of PDBbind 2014. This is in comparison to 82% success rate obtained by the

empirical SF GOLD::ChemPLP. On the 2007 release of PDBbind, the empirical SF GOLD::ASP,

which is the best conventional model, achieved a success rate of 70% in identifying a pose that lies

within 1 Å from the native pose of 195 different complexes. On other hand, our top RMSD-based

SF, MARS::XARG, has a success rate of ∼80% on the same test set, which represents a signifi-
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cant improvement in docking performance1. When using non-DDB descriptors for PDBbind 2007

complexes, the linear ML SF, MLR::XARG, and its nonlinear extension, MARS::XARG, showed

relatively better accuracy than Random Forests and SVM when the target is a protein not present

in the training dataset used to build the scoring model. Ensemble SFs fitted to the same com-

plexes and descriptors, however, may prove more reliable when there is some similarity between

training set proteins and the target protein. Our RMSD-based, ensemble deep learning and deci-

sion tree SFs, on the other hand, outperformed all other approaches in docking accuracy for all

testing scenarios when fitted to complexes characterized by large number of multi-perspective de-

scriptors generated using the proposed Descriptor Data Bank platform. We also observed steady

gains in the performance of RMSD-based ML SFs as the training set size and number of fea-

tures were increased by considering more descriptors and protein-ligand complexes and/or more

computationally-generated ligand poses for each complex.

1Experiments on the 2007 version of PDBbind were conducted prior to the development of the
proposed SFs based on deep neural networks. Therefore, they were not compared against the 16
conventional and 6 ML (RF, BRT, SVM, KNN, MARS, and MLR) scoring functions on PDBbind
2007.
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CHAPTER 6

SCREENING-SPECIFIC SCORING FUNCTIONS FOR ACCURATE LIGAND
BIOACTIVITY PREDICTION

One of the most important initial steps in drug discovery is the screening of very large databases of

drug-like molecules to identify putative ligands and filter out the ones that are potentially inactive

for the target protein. Predicting the binding affinity (BA) of all the database molecules accurately

is not as critical in this phase as to reliably discriminate active molecules from the inactive ones.

In addition, scoring functions have limited accuracy when predicting binding affinity of inactive

ligands simply because they are only trained on active molecules. Therefore, binding affinity

prediction and relative ranking of molecules against each other should take place after the screening

campaign when the database is enriched with putative active compounds.

Almost all existing scoring functions in use today rely on binding affinity prediction to carry

out database enrichment. These models are typically trained on datasets of proteins bound to one

or more ligands that are known to be actives. High-throughput screening assays typically result

in some active molecules and a large number of inactive compounds against the target protein.

Inactive compounds end up being discarded during the scoring function training process due to

the lack of their binding affinity data. In such cases, conventional BA-based scoring functions

could fail in producing reliable binding affinity scores for inactive compounds since they are only

exposed to active molecules. Therefore, using conventional scoring functions to rank active and

inactive ligands housed in large databases in order to enrich them will be problematic as it will be

demonstrated in our experiments in this chapter.

6.1 Proposed screening-specific scoring functions

To overcome the limitations of conventional approaches, we introduce screening-specific scor-

ing functions that are trained on both active and inactive compounds for a diverse set of protein

targets. Our proposed models are based on deep neural networks and other machine learning
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approaches that are optimized to directly reduce active/inactive misclassification rate instead of

minimizing BA mean-squared error. The proposed models take advantage of the larger training

set size that is constructed by combining active molecules and inactives vis-à-vis only the binders

as is the case for the vast majority of conventional SFs. Taking into account both active and inac-

tive molecules yield more diverse training complexes which could in turn substantially improve the

screening accuracy of scoring functions on diverse families of ligands. The screening-specific scor-

ing functions are also resilient to the uncertainty associated with experimentally collected binding

affinity data due to the usage of binary labels instead of the measured BA values themselves as

in the case of traditional SFs. The common sources of uncertainty in the binding affinity labels

include measurement noise, data collection errors, incomplete and missing data. In addition, there

are more and much larger public databases with assay results of binary (active/inactive) outcomes

than sources with binding affinity data. For example, the biochemical databases PubChem [71] and

ChEMBL [70] host millions of bio-assay and bioactivity data whereas the number of complexes

with BA in archives such as PDBbind [23] and BindingDB [74] do not exceed several thousand.

As we will see in the following sections, the proposed methods for constructing screening-specific

SFs will result in substantial improvement in screening accuracy compared to those achieved by

conventional models.

We use the 2014 PDBbind core set Cr as a benchmark for assessing the screening accuracy

of the conventional and proposed SFs. As explained in Section 2.1.1, the core set consists of 65

protein families, each is bound to three different ligands with known and diverse binding affinity

values. These are the active compounds that an ideal scoring function would identify. We assume

the inactive molecules for each protein target are the crystallized ligands of the remaining 64

receptors in the test set as shown in Figure 6.1. Although this bioactivity assumption requires

further investigation, it appears to be reasonable since all the 65 proteins have a pair-wise sequence

similarity of less than 90%. Furthermore, all the assumed inactive protein-ligand (65× (64×

3) =) 12480 pairs were also checked in the ChEMBL database for possible activity and cross

binding [70]. Forty of these protein-ligand pairs were found to be actives and therefore the final test
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Figure 6.1: Constructing training and test data sets of active and inactive protein-ligand
complexes using the core sets of PDBbind 2007 and 2014.

set consists of a total of (195+40 =) 235 binders and (65×192−40 =) 12440 inactive molecules.

This translates to a total of (235+ 12440 =) 12675 test protein-ligand pairs and the actives to

inactive ratio is approximately 1:64 for each target. A similar approach was also followed by Li

et al. [25] to construct a test set for screening purposes. Their test set was also derived from the
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2014 version of the PDBbind core set and it also consists of 65 proteins each binding to 3 different

ligands. This set overlaps with the 2007 PDBbind core set in only 10 protein families. We use the

remaining 55 protein families of the 2007 PDBbind test set including their active and (generated)

inactive molecules as training set for our proposed screening-specific ML SFs. The overall size of

this training set is 10726 protein-ligand pairs without any overlap with the screening test set.

6.2 Results and Discussion

6.2.1 Evaluation of the screening power of scoring functions

In this work, we predict the binding affinity or activity probability score for every protein-ligand

complex in our test sets. Our test sets are composed of clusters of protein families. Each cluster

represents a protein and several ligands and we are interested in classifying which of them are

active. Therefore, we use the predicted binding affinity or activity probability score for the ligands

to rank-order them in each cluster. Then the screening power of all SFs will be assessed based on

their enrichment performance on the screening test set of protein clusters. The enrichment factor

is a measure that accounts for the number of true binders among the top x% ranked molecules and

is calculated as follows: EFx% = NTBx%/(NTBtotal× x%). Here NTBx% refers to the number

of actives in the top-ranked x% of molecules, and NTBtotal is the total number of binders for the

given target protein which is typically three. In our results, we report the average enrichment factor

across protein clusters for the given test set.

6.2.2 Screening-specific ML SFs vs. conventional approaches on a diverse test set

We conduct two sets of experiments in this section to demonstrate the screening accuracy of the

proposed SFs. In the first, we build 8 machine learning SFs trained on the 2007 protein-ligand

complexes characterized with one or more feature sets of types X, A, R, and/or G. The ML SFs

we construct are based on ensemble deep neural networks BsN-Score and BgN-Score, ensemble

decision trees BRT and RF, SVM, kNN, MARS, and MLR. Two versions for each of these 8

models have been built. A scoring-specific version in which the training complexes (active only)
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Table 6.1: Screening powers of proposed and conventional scoring functions on diverse
complexes from the PDBbind 2014 core (Cr) test set. Training and test protein-ligand complexes
are characterized using a combination of descriptors from at least one of the four types X, A, R,
or G.

Scoring function BA Modeling Scoring function Bio-activity Modeling

EF1% EF5% EF10% EF1% EF5% EF10%

Glide::GlideScore-XP 19.54 6.27 4.14 BsN-Score::XAG 33.85 8.72 5.03
GOLD::ChemScore 18.91 6.83 4.08 SVM::XAG 30.26 8.41 5.08
Glide::GlideScore-SP 16.81 6.02 4.07 BgN-Score::XAG 28.72 8.51 4.92
DS::LUDI3 12.53 4.28 2.80 MLR::XARG 28.72 8.10 4.77
GOLD::ASP 12.36 6.23 3.79 MARS::XARG 28.72 7.90 4.82
MLR::XR 8.72 2.46 1.90 BRT::XAG 26.15 8.31 4.72
GOLD::GoldScore 7.95 4.52 3.16 RF::XA 24.10 7.80 4.97
SVM::A 7.69 3.69 2.78 DNN-Score::XAG 22.05 7.59 4.46
BsN-Score::XA 7.18 3.80 3.03 Glide::GlideScore-XP 19.54 6.27 4.14
BRT::XARG 7.18 3.60 2.51 GOLD::ChemScore 18.91 6.83 4.08
BgN-Score::XAG 7.18 2.97 2.36 Glide::GlideScore-SP 16.81 6.02 4.07
RF::XR 7.15 2.67 2.15 kNN::XA 14.85 7.69 4.56
DS::PLP1 6.92 4.28 3.04 DS::LUDI3 12.53 4.28 2.80
MARS::RG 6.15 1.85 1.80 GOLD::ASP 12.36 6.23 3.79
DS::Jain 5.90 2.51 1.80 GOLD::GoldScore 7.95 4.52 3.16
SYBYL::PMF-Score 5.38 2.21 1.90 DS::PLP1 6.92 4.28 3.04
SYBYL::ChemScore 5.26 2.38 2.18 DS::Jain 5.90 2.51 1.80
DS::PMF 4.87 2.87 2.63 SYBYL::PMF-Score 5.38 2.21 1.90
AffiScore 3.62 2.04 1.92 SYBYL::ChemScore 5.26 2.38 2.18
DNN-Score::XARG 3.08 1.54 1.44 DS::PMF 4.87 2.87 2.63
DrugScoreCSD 2.62 1.48 1.16 AffiScore 3.62 2.04 1.92
X-Score::HMScore 2.31 2.14 1.41 DrugScoreCSD 2.62 1.48 1.16
SYBYL::D-Score 2.31 1.79 1.46 X-Score::HMScore 2.31 2.14 1.41
kNN::XR 2.05 1.95 1.74 SYBYL::D-Score 2.31 1.79 1.46
SYBYL::G-Score 1.92 1.26 1.44 SYBYL::G-Score 1.92 1.26 1.44

are labeled using the measured binding affinity data (Y ∈ R). For the proposed-specific version,

we use binary values of active or inactive (Y ∈ {1,0}) to label the protein-ligand complexes. These

two sets of 8 ML SFs are then compared against the conventional, BA-based SFs.

In Table 6.1 we list the screening powers of the 8 ML and 16 conventional SFs in terms of

their (x =) 1, 5, and 10 per cent enrichment factors. In the left half of the table, we report screen-

ing performance when the ML SFs were trained to predict binding affinity instead of bioactivity
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(whether the ligand is active or not). We notice that all of the BA-based ML SFs are outperformed

by conventional approaches. The right half of the table shows the screening accuracy of conven-

tional scoring functions and the proposed task-specific models. The ML screening-specific SFs that

were trained as bioactivity classifiers are the top performers (except for kNN::XA). Our proposed

SF that is based on ensemble neural networks has the highest screening performance of 33.85 in

terms of EF1%. This is an order of magnitude difference in performance as compared to that of

X-Score whose screening performance is very low. The BsN-Score::XAG is also substantially

more accurate (by about 73%) than the best performing conventional SF GlideScore-XP whose

EF1% value is 19.54. In addition, the screening-specific version of BsN-Score achieved more than

370% improvement in enrichment accuracy over its generic BA counterpart BsN-Score::XA whose

EF1% = 7.15. This boost in performances can be primarily attributed to the task-specific learning

approach, as is apparent by comparing the performance of BsN-Score::XAG learned through clas-

sification to its best BsN-Score regression version BsN-Score::A (note that the regression version

of BsN-Score::XAG has an even smaller EF1% value of 6.88). We are confident that a substantial

further improvement in screening accuracy is achievable when all the ideas proposed in Chapter 8

are fully developed and applied.

In the second experiment, we consider an updated version of ensemble deep-learning models

to build scoring- and screening-specific SFs BsN-Score and BsN-Screen. We compare them to the

conventional SFs RF-Score and X-Score which are based on Random Forests and linear regres-

sion. All four SFs are trained and tested on complexes from PDBbind 2007 and 2014. The core

test set of PDBbind 2014 remains one of the main validation sets for the new SFs. We also use

two additional test sets based on cross-validation (CV) and leave-clusters-out (LCO) as described

in Section 2.1. The methodology we followed in the previous section (6.1) to construct active and

inactive complexes are also followed here for the three test sets Cr, CV, and LCO. The training and

test complexes for BsN-Score and BsN-Screen are characterized by the 2714 multi-persective de-

scriptors generated using the the proposed Descriptor Data Bank platform. RF-Score and X-Score

utilize their original descriptor sets of 36 geometrical and 6 physiochemical features, respectively.
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Figure 6.2: The screening accuracy of screening-specific (proposed) and binding-affinity-based
(conventional) scoring functions when evaluated on test complexes with proteins that are either
fully represented (Cr), partially represented (CV), or not represented (LCO) in the SFs’ training
data. The screening accuracy is expressed in terms of the 1%, 5%, and 10% enrichment factors of
SFs in classifying ligands to actives and inactives against diverse set of proteins from the
PDBbind 2014 benchmark.

The performance of the four SFs in terms of enrichment factors are shown in Figure 6.2 for known

and novel test protein targets.

The plots clearly show that the screening-specific SF BsN-Screen is considerably more accurate

than the generic, binding affinity-based methods regardless of the model’s familiarity with the

protein target. The gap in performance between BsN-Screen and BsN-Score is mainly attributed to

the use of both active and inactive complexes to train BsN-Screen rather than just active compounds

on which BT-Score is trained. BsN-Screen and BsN-Score are otherwise identical in terms of the

training protein targets, descriptors, and the underlying ensemble deep-learning method they use

to fit the data. BsN-Screen is also more accurate than the best performing conventional SFs as

shown in Figure 6.3. The screening accuracy of GlideScore-SP, ChemScore, and GlideScore-XP

has only been reported on known the core test set complexes by Li et al [25]. However, we expect

their performance to be similar as we observed for the other BA-based SFs in Figure 6.2.
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Figure 6.3: Screening accuracy of screening-specific and top-performing conventional scoring
functions in terms of 1%, 5%, and 10% enrichment factors of protein targets sampled from the
core test set of PDBbind 2014.

6.2.3 Impact of the number of training protein targets on the screening accuracies

Experimental information about 3D structures and bioassays of new protein-ligand complexes are

regularly determined. This contributes to the growing size of public biochemical repositories and

corporate compound databases. To assess the impact that a larger training set size would have

on the predictive accuracy of generic and screening-specific SFs, we consider the 2007 and 2014

PDBbind datasets. We use the core (Cr) set of PDBbind 2014 as our main test set in this exper-

iment. We use the independent core (Cr) set complexes of PDBbind 2007 and the primary ( Pr)

complexes of PDBbind 2014 to train generic and screening-specific SFs. Therefore, our training

data consists of 3225 complexes in the primary (Pr) set as well as (55×3 =) 165 complexes in Cr

which yields a total of 3390 complexes. We use these complexes to simulate the effect of increasing

training set size on the screening accuracy of the models under investigation. More specifically, for

a given number of training complexes x, where x ∈ {100,680,1260,1840,2420,3000}, we select

x complexes randomly (without replacement) from the 3390 PLCs to train the three the models.

We then test them on the out-of-sample core set Cr comprising 195 complexes. This process is re-

peated 50 times to obtain robust average enrichment factors EF1% and EF5%, which are plotted in
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Figure 6.4: Dependence of screening accuracy of screening-specific and binding-affinity-based
scoring models on training set size when training complexes are selected randomly (without
replacement) from the refined set of PDBbind 2014 and the core set of PDBbind 2007. The
screening accuracy is expressed in terms of 1%, 5%, and 10% enrichment factors of the PDBbind
2014 core test set.

Figure 6.4. The SFs we build here include the boosted decision tree SFs BT-Screen and BT-Score

based on XGboost. BT-Screen is our screening-specific SF trained on active and inactive com-

plexes characterized by our multi-perspective descriptors. BT-Score is only trained on active com-

plexes. However, it also uses the same descriptors and underlying learning algorithm of boosted

trees as BT-Screen. We also train our version of RF-Score and X-Score which are constructed by

fitting Random Forests and Linear Regression models to the training complexes characterized by

their the original RF-Score’s 36 geometrical descriptors and X-Score’s 6 physiochemical energy

terms, respectively.

Figure 6.4 shows the screening accuracies of BT-Screen, BT-Score, and our versions of RF-

Score and X-Score. For both enrichment factors (EF1% and EF5%), we observe that BT-Screen

and BT-Score improve as the size of the training dataset increases. The screening performance

of RF-Score and X-Score are substantially lower than both ensemble SFs and their rate of im-
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provement is almost zero beyond 680 training complexes. Similar rise in improvement was also

achieved using Random Forest (whose accuracy plots are not shown) when it was fitted to our

multi-perspective descriptors instead of the RF-Score’s original 36 geometric descriptors. Another

set of Random Forest models fitted to the 6 features used by X-Score were also found to be im-

proving in screening accuracy as the number of their training complexes increases. This indicates

that ensemble SFs have a potential for improvement as more training data becomes available. On

the other hand, the linear model used in X-Score and other empirical SFs showed minimal rise in

screening power as a response to increasing the training set size which is an indication of a very

small potential for improvement in the future. This is due to the rigidity of linear models whose

performance tends to saturate. Many of the conventional SFs considered in this study (Table 1.1)

are empirical and thus they are also most likely to suffer from the same limitation. In fact, the

best performing model of those 16 in terms of scoring power is X-Score; whose performance we

study here. Therefore, one should consider better prediction approaches to derive accurate models

from training data available on hand and from future updates. SF designers can conduct similar

experiments to estimate accuracy enhancement when their proposed functions are re-calibrated on

larger number of data instances.

6.2.4 Impact of the number of descriptor sets on the screening accuracies

To investigate the effect of increasing the number of descriptor sets on screening accuracy of SFs,

we randomly select a maximum of 100 combinations of x descriptor sets from all possible (16

choose x) combinations of the 16 types listed in Table 3.1, where x ∈ {1,4,7,10,13,16}, and use

them to characterize the training set complexes, which we then use to train the XGboost, Random

Forest, and MLR models to build BT-Screen and BT-Score, RF-Score and X-Score analogs. These

models are subsequently tested on the Cr dataset characterized by the same descriptors. For each

number, x, of descriptor sets, the performance of the 100 SFs are averaged to obtain robust overall

EF1% and EF5% statistics, which are plotted in Figure 6.5.

Similar to the case of increasing training data in terms of new PLCs, the performance of the en-
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Figure 6.5: Dependence of screening accuracy of screening-specific (proposed) and
binding-affinity-based (conventional) scoring models on the number of descriptor (feature) sets.
The sets are drawn randomly (without replacement) from a pool of 16 feature types in Descriptor
Data Bank (DDB) and used to characterize the training and out-of-sample core Cr test set
complexes of PDBbind 2014. The docking accuracy is expressed in terms of 1%, 5%, and 10%
enrichment factors of protein targets sampled from the core test set.

semble SFs are clearly benefiting from increasing the number of protein-ligand interaction models

for both enrichment factor statistics. The number of descriptor sets (interaction perspectives) are

as important as the number of training complexes in improving the quality of prediction. Based on

these results, and similar improvement trends for the scoring and docking accuracies in the previ-

ous chapters, we believe that the public database of protein-ligand interactions we introduced in

this work will be of high value to ML SFs and just as important to their screening accuracy as the

resources of raw structural and experimental data.

6.3 Conclusion

In this work, we developed the screening-specific scoring functions BsN-Screen and BgN-

Screen using novel ensemble models of boosted and bagged deep neural networks. The models are

fitted to a large and diverse database of active and inactive complexes characterized by thousands
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of multi-perspective descriptors. BsN-Screen and BgN-Screen are optimized to directly model

the ligand activity as a classification problem to improve its accuracy in finding real active com-

pounds from databases of new ligands not seen in their training set. We compare BsN-Screen and

BgN-Screen with their generic counterparts BsN-Score and BgN-Score which are trained on (only)

active complexes labeled with binding affinity data and characterized using our multi-perspective

descriptors. The regression models BsN-Score and BgN-Score, as well as the vast majority of

existing SFs, order test ligands based on their predicted binding affinity such that potential active

compounds are ranked above the molecules that the models deem inactive. Our extensive experi-

ments indicate that the screening-specific SFs are substantially more accurate in enriching ligand

databases with more active compounds than their generic, BA-based counterparts. BsN-Screen and

BgN-Screen have top 1% enrichment factors of more than 35 as opposed to 11 obtained by their

scoring-specific analogs BsN-Score and BgN-Score. The best conventional SF GlideScore-SP, an

empirical generic model implemented in GOLD, achieves an enrichment factor of 19.54 when

tested on the same benchmark complexes [25]. Furthermore, the proposed screening-specific SFs

also excelled when their improvement capacity was tested in response to more training data and

descriptor sets.
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CHAPTER 7

MULTI-TASK DEEP NEURAL NETWORKS FOR SIMULTANEOUS DOCKING,
SCREENING, AND SCORING OF PROTEIN-LIGAND COMPLEXES

7.1 Introduction

Protein-ligand complexes fed to the proposed docking, scoring, and screening-specific SFs for

prediction are typically characterized by the same descriptors and they are formed with the same

protein targets. The training datasets of these task-specific scoring functions may only differ in

their sizes and type of the output (independent) variable. When fitting a boosting tree or any

other ML model to the dataset of one task, it does not take advantage of the datasets available

for the other tasks to improve its performance. Rather, the three scoring functions are trained and

applied in isolation despite the commonalities between the three problems they are modeling. In

this chapter, we propose MT-Net, a novel multi-task deep neural network that can be effectively

trained and applied to the three datasets simultaneously. MT-Net leverages information sharing

across the three molecular modeling problems and uses abundant data for one problem to improve

upon the performance of the tasks with limited data availability. In a sense, optimizing the network

for multiple tasks simultaneously self-regularizes it against overfitting the tasks with limited data

if they were to be learned separately.

Multi-task learning using deep neural networks has been successfully applied in recent studies

related to ligand-based drug design [115, 116, 117]. Unlike the three tasks studied here in this

work for screening, scoring, and docking tasks, each task in those studies is a predefined protein

system for which compounds are classified as active or inactive molecules. As is the case for other

QSAR models, the multi-target neural network must be re-trained from scratch in order to be used

for targets different from the training proteins. On the other hand, the multi-task SFs we develop

in this work are applicable to any protein system without the need for extra training. During their

construction, our task-specific and multi-task scoring functions take into account information about
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the ligand and protein explicitly instead of implicitly via multi-target learning as in some QSAR

models [115, 116, 117]. Therefore, the proposed scoring functions in this work are applicable to

any target as was shown by our experiments in the previous chapters (refer to SFs performance on

known and novel targets).

7.2 Network architecture

The neural network we propose here consists of an input layer for the raw descriptors xs
1,

Ls hidden layers shared (s) among the three tasks for extracting low-level representations for the

molecular interactions, Lt task-specific hidden layers for each task t ∈ {dock, screen, score} to

generate high-level representations specific to each task, and Y t corresponding output layers as

depicted in Figure 7.1. During prediction, lower-level features universal for the three tasks are first

extracted from the hidden shared layers as follows:

xs
l+1 = H(Ws

l xs
l +bs

l ), l = 1, . . . ,Ls

where Ws
l and bs

l are respectively the weight matrix and the bias vector for the l-th shared hidden

layer, and H is the activation function associated with it which is selected to be a rectified linear

unit (ReLU) in this work. The output of the final shared hidden layer is then fed as an input

(xt
1 = xs

Ls+1) to the task-specific layers to extract higher-level representations specialized for each

task using the following transformations:

xt
l+1 = H(Wt

lx
t
l +bt

l), l = 1, . . . ,Lt

Here, each task-specific layer is parameterized by a weight matrix Wt
l and a bias vector bt

l . The

final outputs for the three tasks are simply the following transformations for the features xt
Lt+1

generated by the high-level hidden layers:

Y t = Ot(Wt
oxt

Lt+1 +bt
o),

where Ot is the output function for the t-th task which is logistic for the screening problem and

linear for the docking and scoring tasks. The number and sizes (number of hidden units) of the
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Figure 7.1: The architecture of the multi-task deep neural network SF MT-Net.

shared and task-specific hidden layers were tuned using cross-validation. We tested multiple pyra-

midal configurations for the network and found the configuration of three hidden layers with sizes

{2500,1500,1000} to be optimal for the shared layers, {200,200} for the docking and scoring-

specific layers, and {200,100} for the screening-specific layers. Further details about the network’s

training procedure will be provided later in the following section.

7.3 Training the multi-task network

Nowadays, training wide and deep neural networks is simpler than ever before—thanks to

recent advances in deep learning and computational resources such as Graphics Processing Units

(GPU). However, even with such tools, building custom deep neural network scoring functions for
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multiple tasks is not a trivial machine-learning problem. The following sections summarize the

main challenges we faced during the model training process and the methods we followed to solve

them.

7.3.1 Stochastic learning for imbalanced data

The three molecular modeling tasks benefit from training sets with different sizes. For the scoring

task, we have an average of 3000 complexes with valid binding affinity labels. The screening

scoring function is trained with more than 15000 PLCs with binary labels indicating whether the

complexes are active or not. The docking task benefits from the largest training data which includes

300000 unique protein-ligand conformations. For the network to perform well across the three

tasks, it should utilize all available training data while guarding its weights from overfitting the

tasks with the larger training sizes. We achieved this by performing stochastic gradient descent

with equally-sized minibatches sampled randomly from the training data of the three tasks. More

specifically, we sample 10 PLCs from each task for a total minibatch size of 30 examples during

every training (weight updating) step. We also used larger batch sizes of 100 complexes sampled

proportionally from the three tasks according to their sizes. To avoid the bias of over-optimizing

the weights on tasks with larger training data, we weighted the gradients up or down for each

task depending on the number of examples in each batch for that task. This resulted in small

improvement in the training speed. However, we resorted back to the former uniform sampling

approach due to the increased implementation complexity of the weighted gradient approach.

7.3.2 Gradient computing for unavailable labels

Despite having common training protein targets across the three molecular modeling tasks, the

majority of proteins form unique complexes across tasks. Complexes with the same protein differ

amongst each other in the bound ligands and/or the conformations of those ligands. Complexes

available for one task are typically not present for the other two tasks and consequently they do

not share the same labels. The task-specific labels we use here are binding affinity, RMSD of a
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pose from its respective native conformation, or active/inactive binary value. This poses a chal-

lenge during training while computing the gradient to update the network’s weights. Gradients are

calculated at the output layer of each task based on the difference between the actual values and

labels predicted by those output layers of each task. We use gradients of zero for the tasks with

unlabeled examples such that the task-specific weights associated with missing labels do not get

updated while weights in shared layers are updated with gradients calculated from labeled exam-

ples only. It should be noted that each of the 30 training examples in any random minibatch has at

least one available label and at most two missing labels.

7.3.3 Network regularization

Networks with wide and deep hidden layers and multiple output layers such as the one we build

here have millions of parameters (weights and biases) which outnumber our training size multiple

fold. Therefore, regularizing the network is necessary to avoid overfitting. MT-Net has a powerful

regularization mechanism in place enabled by the simultaneous optimization of shared layers with

different training data for each task which help prevent the shared weights from overfitting indi-

vidual tasks. To further guard against overfitting, we use the dropout technique of hidden units by

randomly selecting 20% of the network’s activations and deliberately switching them off to zero

for each protein-ligand complex in the current training minibatch. Random dropout was intro-

duced by Hinton et al. to avoid overfitting by preventing co-adaptations among the hidden units

of each layer [118]. A network trained with dropout can effectively be viewed as an average of

an ensemble of multiple thinned networks. The cost of using dropout is longer training time since

parameter updates are noisy due to the random replacement of activations with zeros.

7.3.4 Computational requirements

Training a wide and deep neural network with thousands of input descriptors and hidden units in

several deep layers and three output layers results in millions of parameters. A network of such

scale requires a powerful computer system to train and execute. We use an Amazon AWS instance
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with NVIDIA Kippler GK210 GPU featuring 2496 parallel processing cores and 12 Gigabytes of

graphics-dedicated memory. Training the network on this system takes five hours of wall clock

time. Predicting a dataset of 1000 protein-ligand complexes can be achieved in 5 milliseconds on

the same machine. We use the Python machine-learning libraries TensorFlow and Keras to build

our multi-task neural network scoring functions [43, 119].

7.4 Prediction and accuracy

In this section, we investigate the benefits of multi-task learning to simultaneously predict the

ligand binding pose, binding affinity, and whether it’s active or not for any protein target. We build

a scoring function based on the multi-task neural network architecture described in Section 7.2 and

compare it with conventional approaches and its single-task counterpart for the scoring, screening,

and docking tasks. The SFs based on the multi-task (MT-Net) and single-task neural networks are

trained on the primary training set of PDBbind 2014 and tested on the out-of-sample core test set

Cr. The performance results of these scoring functions and the best conventional approaches are

listed in Table 7.1.

Table 7.1: The docking, screening, and scoring performance of multi-task and single-task SFs on
PDBbind 2014 core test set (Cr).

SF type Docking (S1
1%) Screening (EF1%) Scoring (Rp)

Multi-task (MT-Net) 79.97 % 29.17 0.804
Single-task 80.51 % 22.87 0.803
Best conventional1 – 19.54 (ChemPLP) 0.627 (X-Score)

1 We report the screening and scoring accuracy of the top performing conven-
tional scoring functions GlideScore and X-Score on these tasks. We use the
screening accuracy for ClideScore-XP from the recent comparative study by
Li et al [25]. The scoring performance of X-Score is calculated by us since
we have access to its software. We do not have access to the docking success
rate statistic S1

1 for the most accurate conventional SF ChemPLP. However,
ChemPLP’s S1

2 is 82% while MT-Net and the single-task NN achieve 90% on
this less stringent test.

The screening and scoring performance of MT-Net are substantially higher than those of GlideScore-

XP and X-Score, which are the best performing conventional approaches on these two tasks. MT-
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Net’s binding pose prediction is also more accurate than the top performing conventional scoring

function in the docking task, ChemPLP. MT-Net and ChemPLP correctly identified the correct

binding modes of 90% and 82% of protein-ligand complexes in the core test set of PDBbind

2014, respectively. The binding mode is considered correctly identified if the top-scoring pose

of the ligand was found to lie within 2 Å RMSD from the known native conformation. MT-Net

achieves 80.51% success rate on the more stringent test where the top-scoring pose must lie within

1 Å RMSD (instead of 2 Å RMSD) from the known binding mode to be considered native or near-

native. We denote this success rate by S1
1 and the former less stringent test by S1

2. We do not report

the S1
1 success rate for ChemPLP since it was not available to us in the original publication [25]

and we do not have access to the scoring function’s predictions for the test complexes to compute

its S1
1 value.

The screening performance of the multi-task SF is substantially higher than that obtained by the

single-task neural network. The gap in performance between the two functions is much narrower

for the docking and scoring tasks with a slight lead for the traditional single-task approach. The

finding that docking performance is not benefiting from the multi-task approach might be attributed

to the fact that the docking data set size is already large so that the additional screening and scoring

data are relatively too small to make any difference. The reason behind the small scoring is not very

clear and warrants further investigation. However, it might be due to the fact that the docking and

screening data sets are generated from the scoring complexes and therefore the derived complexes

may not contribute new information. We believe that the gains in performance will be much greater

if scoring, screening, and docking data were more diverse and larger in size.

To our knowledge, such a novel architecture for scoring functions has not been attempted before

and we believe it could be used as a blue-print for future scoring functions with the availability of

more data.
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7.5 Conclusion

We proposed a novel multi-task scoring function for simultaneously predicting ligand binding

pose, its activity classification label (active/inactive), and its binding affinity with a target protein.

The scoring function, MT-Net, is based on wide and deep multi-task neural network with shared

hidden layers and three sets of task-specific and output layers for the docking, screening, and

scoring tasks. When fitted to our current training sets, MT-Net performed equally well with the

single-task neural network SF when tested on out-of-sample test sets carefully designed to evaluate

screening, docking, and scoring accuracy. Due to their high-capacity, we anticipate the accuracy of

scoring functions based on multi-task deep networks to improve beyond those based on single-task

NNs when larger and more diverse datasets are used for training. Currently we are developing a

pipeline for automated data retrieval from biochemical databases to continuously train the network

on new protein-ligand complexes and screening assays as they become available. When coupled

with the proposed descriptor databank (DDB) platform, we think the active multi-task learning

pipeline will produce an evolving, powerful scoring function.
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CHAPTER 8

CONCLUSION AND FUTURE WORK

8.1 Proposed approaches and key findings

The aim of this research is to develop next generation scoring functions for successful computer-

aided drug discovery. The work presented in this dissertation helped to achieve this goal by the

development of Descriptor Data Bank and novel task-specific scoring functions based on machine-

learning approaches. In the following sections, we briefly describe the two components and sum-

marize their effectiveness quantitatively.

8.1.1 Descriptor Data Bank (DDB) for multi-perspective characterization of protein-ligand
interactions

In this work we presented Descriptor Data Bank (DDB), an online platform for facilitating multi-

perspective modeling of PL interactions. The online platform is an open-access hub for depositing,

hosting, executing, and sharing tools and data arising from a diverse set of interaction modeling

hypotheses. In addition to the descriptor extraction tools, the platform also implements a machine-

learning (ML) toolbox that drives the DDB’s automatic descriptor filtering and evaluation utilities

as well as scoring function fitting and prediction functionalities. To enable local access to many of

DDB’s utilities, command-line programs and a PyMOL plug-in have also been developed and can

be freely downloaded for offline multi-perspective modeling. We seed DDB with 16 diverse de-

scriptor extraction tools developed in-house and collected from the literature. The tools combined

generate over 2700 descriptors that characterize (i) proteins, (ii) ligands, and (iii) protein-ligand

complexes. The in-house descriptors we propose here, REPAST & RETEST, are target-specific

and based on pair-wise sequence and structural alignment of proteins followed by target clus-

tering and triangulation. We built and used the fit/predict service in DDB to fit ML SFs to the

in-house descriptors and those collected from the literature. We then evaluated them on several

169



data sets that were constructed to reflect real-world drug screening scenarios. We found that multi-

perspective SFs that were constructed using large and diverse number of DDB interaction models

outperformed their single-perspective counterparts in all evaluation scenarios with an average im-

provement of 15%. We also found that our proposed target-specific descriptors improve upon the

accuracy of SFs that were trained without them. In addition, DDB’s filtering module was able to

exclude noisy and irrelevant descriptors when artificial noise was included as new features. We

also observed that the tree-based ensemble ML SFs implemented in DDB are robust even with the

presence of noisy and decoy descriptors.

8.1.2 Boosted and bagged deep neural networks for task-specific scoring functions

The proposed descriptor data bank platform made it possible to efficiently capture thousands of

important protein-ligand interactions in the form of molecular descriptors or features for entire

databases of complexes. However, current scoring functions lack the flexibility and capacity to

take advantage of such data fully. Moreover, conventional modeling strategies have been centered

around building generic scoring functions based on simple linear regression models that attempt

to predict ligand binding poses (docking task) and binary class labels of activity (screening task)

indirectly via binding affinity prediction (scoring task). In the previous chapters, we showed the

limitations of traditional scoring functions not only in the docking and screening tasks, but also

the scoring task for which they are optimized to model. Therefore, we presented a novel set of

task-specific scoring functions based on large ensemble of deep neural networks to model the

three tasks. The boosted and bagged neural network scoring functions are BsN-Score and BgN-

Score for the scoring task, BsN-Dock and BgN-Dock for the docking task, and BsN-Screen and

BgN-Screen for the screening task.

We evaluated the docking, screening, scoring, and ranking accuracies of the proposed scoring

functions, as well as several conventional approaches in the context of the 2007 and 2014 versions

of the PDBbind benchmark that encompasses a diverse set of high-quality protein families and

drug-like molecules. In terms of scoring accuracy, we found that the ensemble NN SFs, BgN-Score
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and BsN-Score, have more than 35% better Pearson’s correlation coefficient (0.844 and 0.840 vs.

0.627) between predicted and measured binding affinities compared to that achieved by a state-of-

the-art conventional SF. We further found that ensemble NN models surpass SFs based on other

state-of-the-art ML algorithms such as Boosted Regression Trees, Random Forests, and SVM.

Similar results have been obtained for the ranking task. Within clusters of protein-ligand com-

plexes with different ligands bound to the same target protein, we found that the best ensemble NN

SF is able to rank the ligands correctly based on their experimentally-determined binding affinities

64.6% of the time and identify the top binding ligand 78.4% of the time. Given the challenging

nature of the ranking problem and that SFs are used to screen millions of ligands, this represents a

significant improvement over the the best conventional SF we studied, for which the corresponding

ranking performance values are 57.8% and 73.4%. A substantial improvement in the docking task

has also been achieved by our proposed docking-specific SFs. We found that the best performing

ML SF has a success rate of 95% in identifying poses that are within 2 Å root-mean-square devia-

tion from the native poses of 65 different protein families. This is in comparison to a success rate of

only 82% achieved by the best conventional SF, ChemPLP, employed in the commercial docking

software GOLD. As for the ability to distinguish active molecules from inactives, our screening-

specific SFs showed excellent improvements over the conventional approaches. The proposed SF

BsN-Screen achieved a screening enrichment factor of 33.90 as opposed to 19.54 obtained from

the best conventional SF which is employed in GOLD. For all tasks, we observed that the proposed

task-specific NN SFs benefit more than their conventional counterparts from increases in the num-

ber of features and the size of training dataset. They also perform better than the conventional SFs

on novel proteins that they were never trained on before. The accuracies of ensemble NN SFs are

even higher when they predict for protein-ligand complexes that are related to their training sets.

The high predictive accuracy of ensemble SFs BsN-Score and BgN-Score is due to the following

three factors: (i) the low bias error of the highly-nonlinear neural network base learners, (ii) the low

variance error achieved by using bagging and boosting, and (iii) the employed multi-perspective

set of diverse descriptors we extract for protein-ligand complexes using Descriptor Data Bank.
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8.1.3 Multi-task deep neural networks for simultaneous binding pose, activity, and affinity
prediction

In addition to the three task-specific models, we developed a novel multi-task scoring function

to simultaneously predict ligand binding poses, their activity class labels (active/inactive), and

binding affinities against the target protein. The scoring function, MT-Net, is based on wide and

deep multi-task neural network with shared hidden layers and three sets of task-specific hidden

and output layers for the docking, screening, and scoring tasks. When fitted to our current training

sets, MT-Net outperformed conventional scoring functions and matched single-task neural network

SFs when tested on out-of-sample test sets carefully designed to evaluate screening, docking, and

scoring accuracy. Due to their high-capacity, we expect the accuracy of scoring functions based

on multi-task deep networks to improve beyond those based on single-task NNs when larger and

more diverse datasets are used for training. Currently we are developing a pipeline for automated

data retrieval from biochemical databases to continuously train the network on new protein-ligand

complexes and screening assays as they become available. When coupled with the proposed de-

scriptor databank (DDB) platform, we think the active multi-task learning pipeline will produce an

evolving, powerful scoring function.

8.2 Future work

In addition to the excellent predictions we have achieved in ligand scoring, ranking, docking,

and screening, we are working on the following ideas that we believe will make the predictions

even more accurate.

8.2.1 Enriching DDB with more molecular descriptors

Protein-ligand complexes have been characterized by 16 feature types in the experiments we pre-

sented in this work. Currently, these are the only descriptor types hosted in Descriptor Data Bank

(DDB). After publishing the platform in the literature, it will gain exposure and we believe the

wider research community will quickly enrich it with much larger number of descriptor sets and
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feature extraction tools. The collected descriptors will then be used in conjunction with ensemble

deep neural networks to build task-specific scoring functions. DDB has automated task-specific

filters in-place to select the most relevant descriptors for the given task.

8.2.2 Pipeline for self-learning scoring functions

The proposed descriptor data bank and the task-specific scoring functions based on ensembles of

wide and deep neural networks are two important components for building evolving scoring mod-

els. More specifically, we are planning to develop a pipeline with the following automated stages

to create self-learning scoring functions: (i) retrieval of raw data of proteins and genes, ligands,

protein-ligand complexes, and screening assays from public databases such as PDB [9], Zinc [68],

PDB-Ligand [120], PDBbind [10], BindingDB [74], DUD [121], CSAR [82], ChEMBL [70], and

PubChem [71]; (ii) data preprocessing, integration, and descriptor extraction using Descriptor Data

Bank platform; and (iii) model training and updating of the boosted and multi-task deep neural net-

works introduced in this work. We believe such pipeline will result in a scoring function that will

constantly improve upon newly released molecules and experimental data.
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APPENDIX

FEATURES USED TO CHARACTERIZE PROTEIN-LIGAND COMPLEXES

Below we list the descriptors we used to characterize protein-ligand complexes.

• X-Score (X) features [56]1

1. van der Waals interactions between the ligand and the protein.

2. Hydrogen bonding between the ligand and the protein.

3. Hydrophobic effect: accounted for by counting pairwise hydrophobic contacts between

the protein and the ligand.

4. Hydrophobic effect: accounted for by examining the fit of hydrophobic ligand atoms

inside hydrophobic binding site.

5. Hydrophobic effect: accounted for by calculating the hydrophobic surface area of the

ligand buried upon binding.

6. The deformation effect, expressed as the contribution of the number of rotors for the

ligand.

• AffiScore (A) features [75, 57, 122]

1. The number of non-hydrogen atoms in the ligand.

2. The total sum of hydrophobicity values for all hydrophobic protein-ligand atom pairs.

3. The total difference in hydrophobicity values between all hydrophobic protein-ligand

atom pairs.

1The software packages to calculate X-Score and AffiScore features can be obtained from
their respective authors via the links http://sw16.im.med.umich.edu/software/xtool/ and
http://www.bch.msu.edu/~kuhn/software/slide/. The packages were modified so that the
features are written to a file since they are not written out by default.
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4. The total difference in hydrophobicity values between all protein-ligand hydropho-

bic/hydrophilic mismatches.

5. The total sum of hydrophobicity values for all hydrophilic protein-ligand atom pairs.

6. The total difference in hydrophobicity values between all hydrophilic protein-ligand

atom pairs.

7. The total number of protein-ligand salt bridges.

8. The total number of regular hydrogen bonds.

9. The total number of uncharged polar atoms at the protein-ligand interface which do not

have a bonding partner.

10. The total number of charged atoms at the protein-ligand interface which do not have a

bonding partner.

11. The fraction of ligand heavy atoms (non-hydrogen) which are at the protein-ligand

interface (defined as atoms within 4.5 Å of opposite protein or ligand atoms).

12. The number of ligand atoms at the interface.

13. The number of hydrophilic ligand atoms which are not at the interface.

14. The number of rotatable single bonds in the ligand molecule.

15. The number of protein and ligand rotatable single bonds at the interface.

16. The sum of the average hydrophobicity values for all ligand atoms. The average hy-

drophobicity value for the ligand atoms was determined by calculating the average

hydrophobicity value of all neighboring hydrophobic protein atoms.

17. The sum of hydrophobicity values for all hydrophobic protein-ligand atom pairs (as

computed in the old AffiScore version).

18. The number of rotatable single bonds of the ligand at the interface.
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19. The sum of the degree of similarity between protein-ligand hydrophobic atom contacts.

A higher value indicates the protein and ligand atoms had more similar raw hydropho-

bicity values.

20. A normalized version of the degree of similarity between the ligand atoms and their

hydrophobic protein neighbors. This is the version currently used in AffiScore.

21. Pairwise count of hydrophobic-hydrophobic protein-ligand contacts.

22. Pairwise count of hydrophilic-hydrophilic protein-ligand contacts.

23. Pairwise count of hydrophobic-hydrophilic protein-ligand contacts.

24. Total of protein hydrophobicity values for protein atoms involved in hydrophobic-

hydrophobic contacts.

25. For hydrophobic/hydrophilic mismatch pairs, sum of the hydrophobic atom hydropho-

bicity values.

26. Total hydrophilicity of all protein interfacial atoms.

27. A distance normalized version of feature number 24.

28. Total of protein hydrophobicity values for protein atoms at the interface.

29. A distance normalized version of feature number 28.

30. Total of ligand hydrophilicity values for interfacial ligand atoms.

• Gold (G) features [52]

1. The number of ligand exposed hydrophobic atoms.

2. The number of ligand acceptor atoms.

3. The number of ligand donor atoms.

4. The number of ligand atoms that clash with protein atoms.

5. The number of hydrogen bonds.

6. The molecular weight of the ligand.
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7. The number of occluded ligand acceptor atoms.

8. The number of occluded ligand donor atoms.

9. The number of occluded ligand polar atoms.

10. The number of occluded protein acceptor atoms.

11. The number of occluded protein donor atoms.

12. The number of occluded protein polar atoms.

13. The number of ligand rotatable bonds.

14. The buried surface area of the ligand upon docking.

• RF-Score or geometrical (R) features [27]2

1. The number of protein-ligand carbon-carbon (C-C) contacts.

2. The number of protein-ligand nitrogen-carbon (N-C) contacts.

3-36. Similarly, the number of protein-ligand contacts for the pairs: O-C, S-C, C-N, N-N,

O-N, S-N, C-O, N-O, O-O, S-O, C-F, N-F, O-F, S-F, C-P, N-P, O-P, S-P, C-S, N-S, O-S,

S-S, C-Cl, N-Cl, O-Cl, S-Cl, C-Br, N-Br, O-Br, S-Br, C-I, N-I, O-I, and S-I.

2The features can be readily calculated and output by the open-source software pack-
age RF-Score that can be found in the supplementary data of [27] or directly down-
loaded from http://bioinformatics.oxfordjournals.org/content/suppl/2010/03/18/
btq112.DC1/bioinf-2010-0060-File007.zip
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