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Abstract
The human Androgen Receptor (AR) is a ligand-activated transcription factor that plays a pivotal
role in the development and progression of prostate cancer (PCa). AR is also critical for the
survival of many forms of castration resistant prostate cancer (CRPC). The currently used AR
inhibitors (anti-androgens) face clinical limitations as drug resistance has been reported in
patients, both primary and acquired. In 20% of the CRPC patients resistance to AR antagonists
arise due to the mutations in the androgen binding site (ABS) of the receptor. Some mutations
can convert antagonist to agonist. Such gain-of-function mutations have been reported across the
length of the ligand binding domain (LBD) of AR that contains the ABS, it is imperative to
develop a prognostic personalized therapy platform which would equip clinicians with actionable
strategies in regard to previously unreported AR aberrations when they are encountered in
clinical samples. The goal of this study is to develop a theoretical approach that can characterize
such previously unreported AR mutants and predict their response to the currently used antiandrogens.
Thus, a novel ‘in-silico’ pipeline has been created that amalgamates the state-of-the-art
cheminformatics methods with experimental assays that enable predicting AR mutants and
characterizing their drug responses with high accuracy. The corresponding pipeline utilizes
QSAR approach that extracts key protein-ligand interactions quantified by the in-house
developed 4D-inductive molecular descriptors. The developed QSAR models reach about 90%
accuracy that forecasts agonist or antagonist behaviors of AR mutants caused by clinically used
and experimental anti-androgens. Furthermore, a previously unreported mutant, T878G has been
predicted to be activated by both first and second generation anti-androgens and the
corresponding experimental evaluation confirmed this prediction. Finally, the applicability and
adaptability of the developed cheminformatics pipeline was tested against an experimental antiandrogen drug ODM-201 which was not a part of the QSAR training dataset, and the predictions
were confirmed by experimental evaluations. Overall, the developed pipeline can provide useful
insights towards understanding the changing genomic landscape of advanced PCa.
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Chapter 1: Introduction

Prostate cancer (PCa) is one of the most commonly diagnosed malignances; it is estimated that
on average 1 in 8 Canadian men will be diagnosed with PCa, and more than 21,000 new PCa
incidences will be accounted every year.1 According to a Statistics Canada report (released in
April 2016), in the year 2012, PCa claimed over 3700 lives, and this number is estimated to
increase up to 4000 in the year 2016.

2

It is also, the second leading cause of cancer-related

fatalities in North American men.3 A majority of the patients are diagnosed in early stages, when
the disease is localized. However, approximately 40% of the patients progress into more
aggressive and invasive forms.4 These aggressive forms of PCa are often associated with
treatment failure, due to drug resistance development towards primary treatment. One of the
mechanisms associated with treatment failure is the emergence of mutations in the human
androgen receptor (AR) gene. This has been observed in approximately 18-20% of all advanced
PCa cases.5 Anti-androgens are used to control the cell proliferation that act as antagonists, by
binding to the androgen binding site (ABS) but not activating the AR receptor.6 However, certain
somatic mutations are ascribed to drug resistance, which alter the response to anti-androgens
from antagonist to agonist leading to receptor activation.7 The functional characterization of
these mutants revealed such gain-of-function scenarios that signify the importance of identifying
such mutations and monitoring the therapeutic response in patients. 8
With the help of this study, we aim to investigate the AR receptor mutations and to identify new
ones responsible for anti-androgen treatment failure in order to build up a prognostic platform
using evidence-based approaches. An amalgamation of modern computer-aided drug discovery
(CADD) methods, cheminformatics and experimental validation has been employed to achieve
1

the goal of modeling previously unreported AR mutants and to predict their response to a panel
of clinically used anti-androgens. 9

1.1

Prostate cancer and androgen receptor targeted therapy

The human prostate is a walnut sized gland comprising of a median and two lateral lobes, located
between the urinary bladder and the penis.10 The most important function of the prostate is
secretion of nutritional components that liquefy the coagulated semen, nourishes as well as
protects it. The prostate is also involved in controlling micturition, as the muscle fibers surround
the urethra shrink to slow down and stop the urine flow.

11

Medical conditions associated with

the prostate are the following:


Prostatitis - It is the tenderness of the prostate caused due to an infection. This condition
can be well managed via antibiotics.12



Benign prostatic hypertrophy (BPH) – It is the enlargement of the prostate, obstructing
the normal passage of urine. Urination becomes a daunting task, and delay in
treatment/management could lead to serious consequences such as an urgent bladder
emptying procedure.13



Prostate cancer (PCa) – The uncontrolled proliferation of cells of the prostate is termed as
Prostate cancer (PCa).14 This diagnosis is usually performed by digital rectal examination
(DRE) to determine any unusual protrusions and lumps. This is followed up by a blood
screening to quantify prostate specific antigen (PSA) levels.15 Generally, higher levels of
PSA are observed in enlarged prostates. The other confirmatory tests are prostate biopsy,
and prostate ultrasound examination.16 PCa is characterized by a complex range of
factors such as race, lifestyle, familial history, age, nutrition, overall health status etc. 17
2

There are several treatment options available for PCa management. Some of these are listed in
Table 1.1 below.
S. No.

Treatment option

1

Active

Description
Close monitoring the status of the prostate, slowly progressing
disease 18

surveillance

Removal of the prostate 19

2

Prostatectomy

3

Radiation therapy

Bombarding the tumor cells with high intensity radiation 20

4

Hormone therapy

Also called androgen deprivation therapy (ADT), cutting off
androgen supply to cancerous cells to inhibit cell growth 21

5

Chemotherapy

Administration of anti-cancer drugs, affects both healthy and
malignant cells 22

Table 1.1: Treatment options for PCa management

3

1.1.1

Role of androgen receptor in prostate cancer

The human androgen receptor (AR) is one of the proteins that plays a pivotal role in the
development and progression of PCa.23 AR is over expressed in PCa, linked to growth of the
prostate cells, and is activated by binding of androgen steroids, such as 5α- Dihydrotestosterone
(DHT) and testosterone, to the Androgen binding site (ABS) of the receptor.24 This interaction
results in the nuclear translocation of the protein dimer, where its DNA response elements bind
to the DNA, thus transcriptionally activating the AR.25 The AR gene is located in q11-12 region
of the X chromosome.26 Full length AR protein is made up of 919 amino acids, and is organized
into several structural and functional domains.27 (See Figure 1.1)

Figure 1.1: Location of AR gene at q11-12 of the X Chromosome, Exon 1 encodes for N-terminal domain
(NTD) of the full length AR protein. Exons 2-3 encode DNA binding domain (DBD); exon 4 encodes Hinge
(H) region. Exons 5-8 encode ligand binding domain (LBD).

4

N-terminal domain (NTD):
The N-terminal domain (NTD) makes up about 60% of the AR.28 This is the largest AR domain
encoded by exon 1, comprising of 558 amino acid residues (AR residues # 1-558). This is the
least conserved domain. NTD usually contains repeated sequences of Glycine (G) and Glutamine
(Q). The presence of more than 35 Q repeats is associated with muscular atrophy/ Kennedy’s
disease.29 The AR NTD is involved in controlling the AR transcriptional activity by recruitment
of various transcriptional machinery components. It also contains the FxxLF and WxxLF motifs
that are involved in intra-molecular interaction with the ligand binding domain (LBD).30-31 NTD
most importantly contains the transcriptional regulatory AF-1 region (AR residues #142- 485). 32
DNA binding domain (DBD):
The DNA binding domain (DBD) is encoded by exons 2 and 3. DBD (AR residues # 559-622)
contains the androgen response elements (ARE) that interact with the DNA.33 It is highly
conserved and bears high sequential identity to other nuclear receptors- estrogen receptor (ER),
glucocorticoid receptor (GR) and progesterone receptor (PR).34 DBD consists of 2 Zinc finger
structures where the 2 Zinc atoms are held by tetrahedral coordination with C.35
Hinge region (H):
The hinge region is highly flexible and connects the DBD and LBD (AR residues # 623-670). It
is involved the regulation of receptor translocation, nuclear transportation and DNA selectivity.36
Ligand binding domain (LBD):
The ligand binding domain (LBD) is one of the most well studied and characterized structural
domains of the AR that makes up of about 1/4th of the total length (AR residues # 671-919).27
AR-LBD can exist on its own, independent of the full length AR, making it easier to
biosynthesize and experimentally test.37 It encloses the ABS, which is the primary target site for
5

androgen binding. Androgens such as 5α-DHT, bind into the hydrophobic ABS pocket formed
by α-helical folds.38 (See Figure 1.2) The binding of androgens lead to induction of structural
changes that aid the translocation of the AR into the nucleus.39 Numerous structures of AR LBD
have been solved through X-ray crystallography.40 The AR LBD structure can be described as a
three-layered helical sandwich composed of 11 α-helices and 2 sheets made by 4 β-strands.
Much has been previously described about the ‘lid’ or agonist conformation attained by helix 12
which holds the androgen in place with the C-terminal region further contributing to the ligand
stabilization mechanism.41 The ABS also serves as the target site for hormone therapy agents
(anti-androgens) administered to PCa patients. Distinct somatic mutations have been identified in
CRPC patients, which are located across the AR LBD, making it an important investigatory
region.42 The anti-androgens in the absence of androgens bind to the ABS with a high affinity,
depriving the prostate cells of the androgens which are critical to their survival and
development.43

6

Figure 1.2: Native ligand DHT bound to the androgen binding site (ABS) of AR, key interacting protein
residues have been shown in cyan such as Asn 706, Met 746 and Thr 878

1.1.2

Castration resistant prostate cancer (CRPC)

It is estimated that up to 40% of PCa cases will progress into more aggressive metastatic stage.4
The Androgen Deprivation Therapy (ADT) is one of the primary treatment options for the
treatment of aggressive PCa.44 Due to the dependence of AR on androgens, eliminating the
supply of male hormones and their replacement with anti-androgens that inhibit regular AR
activity result in a decline of the PSA levels.45 However, the efficacy of ADT to maintain low
PSA concentrations diminishes over time, promoting most of the patients into a metastatic form
of the disease called as metastatic castration resistant prostate cancer (CRPC), which usually
occurs within < 24 months on ADT.46 The CRPC is extremely invasive, and lethal in some
cases.47 Strategies to treat CRPC are still mostly experimental, and range from the use of new
anti-androgens to the introduction of next-generation hormone therapies, however overall CRPC
7

treatment stands as a difficult challenge.48-53 Furthermore, in certain cases, patients unresponsive
to CRPC treatment can progresses into more aggressive forms such as the Neuro Endocrine
Prostate Cancer (NEPC).54
1.1.3

AR mutants and therapy resistance

In untreated primary prostate cancer the AR is unaltered.55 However after ADT, about 10-30%
of CRPC patients harbor mutations in their AR.56 For instance, a recent seminal study by
Robinson and colleagues showed that the AR is altered in 63% of CRPC patients: amplification
(52%), mutation (18%).55 These aberrations are critical from a clinical prospective, as they are
typically associated with therapy resistance and treatment failure. Mutations in AR can change
its function. Certain AR mutations can lead to non-specific targeting of the AR, resulting in
conversion of clinical anti-androgens from antagonists into agonists, as well as AR activation by
lower ligand concentrations.57-58 Furthermore, these mutations result in making AR promiscuous
with decreased ligand specificity that enables binding of other steroids such as progesterone,
estrogen, glucocorticoids.59 Some frequently observed AR mutations (with known agonists)
include,

L702H

Hydroxyflutamide,

(Glucocorticoids),
Bicalutamide),

W742L/C

(Bicalutamide),

F877L

(Enzalutamide,

H875Y

(Progesterone,

ARN-509),

T878A

(Hydroxyflutamide, Glucocorticoids).7, 60
As described in the previous sections, the AR ABS is the target site for the current antiandrogens which bind with a higher affinity in the absence of the native ligand DHT. The
continuous pressure on the ABS by the anti-androgens can result in the occurrence of point
mutations in the corresponding DNA sequence encoding the AR-LBD.61 These acquired single
point mutations cause substitution of amino acids, thus leading to overall structural change in the
AR ultimately resulting in response alteration in CRPC patients.43 Interestingly, the mutations
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have significant structural impacts on the receptor as well as the anti-androgen binding pose and
conformation within the ABS pocket. For the F877L mutant, substitution of Phenylalanine (F) by
Leucine (L) alters the interactions as an outcome of structural modification.62 Molecular
modeling reveals that structural modifications permit ligand molecules such as Enzalutamide to
traverse further into the ABS pocket and interacts in a distinct manner when compared to the
wild-type (WT).63 (See Figure 1.3)

Figure 1.3: Enzalutamide binding differently to mutant AR, F877L (left) and wild-type receptor (right)

The AR aberrations that emerge in CRPC patients can be classified into the following three
categories: AR gene amplification, somatic mutations leading to promiscuous AR, splice variants
that may result in ligand-independent activation. Our work focusses on somatic AR mutations
that can convert anti-androgens from antagonist to agonist.
Recently, our group performed large-scale functional characterization of 24 AR-LBD mutants to
study their response to various available anti-androgens, as well as to other steroids such as
estradiol, progesterone, and glucocorticoid. Our findings indicate that two of the mutations cause
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an increase in the sensitivity of ABS to other steroids. It has also been previously shown that
several mutants such as the T878A, H875Y etc. can be stimulated by nanomolar progesterone
concentrations and activated by estradiol.8 This evidently highlights one of the escape
mechanisms the AR inhibitors undertake.

1.2

Computer-aided drug design

Computer-Aided Drug Design (CADD) technology has transformed the face of drug discovery
and development over the years.64 The application of CADD ranges from modeling protein
structures to predicting absorption, distribution, metabolism, excretion, toxicology (ADMET)
properties of small molecules, thus playing an important role in the drug discovery and
development process.65 CADD methods can be employed to accomplish complex computations
in lesser time reducing both experimental testing and time consumption overheads.66 The CADD
techniques can be employed to perform modeling, simulations and generate statistical predictions
based on the structural, biological, and chemical information available through resources such as
databases, experimental results. Various CADD techniques are widely used in pharmaceutical,
agrochemical industries as well as by toxicity assessment agencies such as Health Canada, USFDA (United States Food Drug Administration), ECHA (European Chemicals Agency), US-EPA
(United States Environmental Protection Agency) to name a few. The CADD methods can
broadly be classified into structure and ligand-based methods.67 Those methods that have been
employed in this study have been described in greater detail in the subsequent sections.
1.2.1

Structure-based methods

Structure-based CADD methods rely on the availability of molecular structures of biological
macromolecules such as proteins.67 These methods are oriented around the molecule’s
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requirement to interact with amino acid residues within a protein’s binding site. Numerous 3D
structures obtained through X-ray crystallography and NMR spectroscopy can be utilized to
investigate and determine target-molecule interactions, speeding up the drug discovery process.68
Considering the protein-binding site, very large compound libraries, such as the ZINC12
containing over 35 million purchasable compounds can be screened in a speedy manner to
narrow down a few thousand hits.69 This process is termed as virtual screening. A few of the
structure-based CADD methods include: Protein homology modeling (modeling a protein
structure, based on similarity to a template protein), binding site identification (protein region
where small molecules bind).70 The methods used in this study were: molecular docking, and
molecular dynamics simulations.
1.2.1.1

Molecular Docking

Molecular docking can be defined as a method to predict how two molecules interact with each
other, by formation of an intermolecular complex.71 Traditionally, this involves docking of a
small molecule into a binding site of a macromolecule such as protein. It is widely used to model
binding poses and conformations of small molecules within the protein pocket.72 There are two
major types of docking that can be performed: rigid and flexible. The ligand molecule is treated
as a rigid entity in Rigid docking. Only translational and rotational degrees of freedom are
allowed, that are used to generate large number of conformations which are then separately
docked.73 On the other hand, flexible docking involves generation of conformations on the fly,
through stochastic search methods with greater degrees of freedom and randomness allowed.74
The binding fitness of the small molecule is analyzed within the receptor’s binding site.75 Some
of the most commonly used molecular docking suites are: Glide (Schrödinger), AutoDock,
eHiTS, GOLD and ICM-Dock among many others.76-81
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1.2.1.2

Molecular dynamics simulations

Molecular dynamics (MD) simulations have catalyzed the drug discovery process.82 This
technique has evolved as an impactful tool due to development of better computation algorithms
as well as hardware support.83 With the help of MD simulations the overall flexibility and
stability of the protein ─ ligand (target ─ drug) system can be assessed.84 In classical MD
simulations the molecular interaction and motion is studied according to Newtonian physics.85
The resultant trajectory or path illustrates how the positions and velocities of the particles in the
system vary with time. The obtained trajectory can be represented by the following based on
Newton’s second law of motion, where F is force, m is mass and a is acceleration:
𝐹 = 𝑚𝑎

In biomolecule modeling, force fields are employed for the estimation of energy of the system
and forces that govern interatomic crosstalk. The extensive conformational sampling of both the
ligand and receptor molecules are performed when placed in a solvated system that is
pressurized, heated, and energy equilibrated. As a result, a number of configurations of the
protein-ligand system are generated that indicate the trajectories specifying the atomic
coordinates, locations and velocities over the simulation time.86 Furthermore, other properties
such as total energy of the system, kinetic and potential energies can also be calculated. The
computation of such energy terms can be used to predict the folding of a protein structure from
an initial unfolded state.87 MD simulations can also be used to model the ligand binding kinetics
starting from a random ligand position, to determine the target binding site.88 The comparison
between the initial and equilibrated structure can provide atomic level insights of how the system
has evolved over the simulation time when exposed to ambient conditions. 89
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1.2.2

Ligand-based methods

The ligand-based methods involve the study of ligand molecules that are known to interact with
a protein target of interest. These methods are highly dependent on the knowledge derived from
previously known compounds that bind to the same active site of the protein, or might interact
with the other members of the same protein family.90 These methods can also be used to select
small molecules based on their structural similarity, or functional attributes. Furthermore the
ligand-based CADD methods can be employed to predict the biological activity of a compound
based on previously known compound-activity relationship through Quantitative Structure
Activity Relationship (QSAR) modeling.91
1.2.2.1

Quantitative structure activity relationship (QSAR) modeling

QSAR is a technique used to relate numerical measures and properties (endpoints) of molecules
to their biological activities through statistical analyses. This technique is helpful in determining
what properties and features of a molecule are responsible for the experimentally observed
biological activity.92 Molecular descriptors are numerical values that can be employed for
characterizing the properties of the molecules.
∅ = 𝑓(𝑥) + 𝑒𝑟𝑟𝑜𝑟
The biological activity (∅) is defined as a function of 𝑥 , where x are the molecular descriptor
values. Since its conceptual implementation by Hansch in 1969, the field of QSAR has witnessed
significant changes and development.93 The applications of QSAR methodology extends from
medicinal chemistry to toxicology and risk assessment.94
There are two kinds of QSAR models that can be constructed depending upon the type of the
predictor attribute: continuous or categorical.95 Continuous QSAR models are built to predict
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continuous numerical properties such as IC50, KD values. In contrast, categorical QSAR models
are used for classifying instances into distinct classes using classification algorithms. A general
purpose QSAR workflow has been shown in Figure 1.4 listing the crucial model building steps.

Figure 1.4: A general QSAR workflow, the dataset is generated followed by statistical analyses and evaluation
followed by experimental verification to predict activity/inactivity of a molecule

1.2.2.2

Evaluating QSAR models

The evaluation of the models is an integral and essential step in QSAR analysis.96 The
predictions generated by QSAR models need to be validated for their statistical accuracy. This
can be done in either or all of the following ways:
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1. Internal validation- Techniques such as cross-validation can be employed to evaluate the
robustness of the model. This can be extended into several validation folds such as n-fold
validation, which is very powerful in determining statistical accuracy and model correlation.97
2. External validation- For external validation, a part of the dataset is separated out and is not
used in the model training process. This external test set is then supplicated to assess the model
performance.97
3. Blind external validation- QSAR models generate predictions for an independent dataset,
which is then used for model quality and performance assessment.98
4. Data scrambling- This technique is used to determine any correlation between the response
variables and features, moreover to ascertain any probability of observing a correlation. With the
response variable randomized, the QSAR model should now perform poorly, since no meaning
can be inferred from such models. Thus, this technique can detect and quantify correlations
between the response variables and features.99
5. Estimation of the applicability domain- The uniformity in distribution of molecular descriptor
values can be evaluated between both the training and test set instances by applicability domain
estimation. Utilizing this information, the exactness of predictions can be estimated for any
random dataset with minimal similarity consideration used for model validation. By the use of a
leverage-based method (such as Euclidean distance), those test set instances, in comparison to
the training set instances either exceeds or are below the predefined limit can be classified to be
‘out of the applicability domain’. The accuracy of predictions made for such instances cannot be
considered reliable.100
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1.3

Cheminformatics

Cheminformatics can be defined as an amalgamation of computational and informational
techniques used for the storage, retrieval and mining of chemical information. Cheminformatics
complements CADD, by providing statistical support to the decision making process of chemical
compound screening and selection through the mining of chemical information to obtain
statistical trends that can be correlated with experimental observations.101-102 Cheminformatics
can be described as a two part process: first being encoding or representation of molecular
structure by vector of features. The latter process is termed as mapping or empirically relating
the features to a property of interest such as physicochemical, bioactivity, ADMET. Machine
learning algorithms are employed for the task of mapping.103
1.3.1

Machine learning in Cheminformatics and Classification algorithms used

Machine learning represents a conventional data analysis technique that automates computational
model building that can be used for instance-based learning from available data and finding
statistical trends.104 For the mapping of dependent variables to the features, both supervised and
unsupervised machine learning algorithms are used.
A composite of both unsupervised and supervised machine learning algorithms were employed
for the construction of QSAR models. A total of 7 algorithms were used in the development of
QSAR models to model the adverse drug responses of clinically relevant AR mutants and to
predict new ones. These were: DecisionStump, OneR, RandomForest, Bagging, Dagging, IBk,
and LibSVM of the WEKA datamining software.

105-110

Most of these algorithms have been

widely used in the development of QSAR models and their merit over other machine algorithms
lie in the low training error, simplicity and better interpretability. The algorithms used for QSAR
model development have been described in the subsequent text.
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1.3.1.1

DecisionStump

DecisionStump comprises of one-level decision tree. It is a weak learner with a very simple
structure built up of one single attribute (as shown in figure) split that can be combined with
other learning algorithms for a better accuracy.111 In an example shown below, the decision tree
has been created on the basis of an attribute value of a ≤50, if this condition is satisfied the
instance would be classified into class X, else class Y. (See Figure 1.5)

Figure 1.5: Workflow of DecisionStump algorithm, classifying based on a 1-level decision tree

1.3.1.2

OneR

OneR or one rule is a machine learning algorithm that generates one rule for a predictor value
present in the dataset and then selects the rule with the minimum error, using it as the ‘rule’.112 A
frequency table is generated for each of the predictors, along with the error rates. In Figure 1.6,
an example of two such rules has been shown. According to Rule 1, for the attribute a, if the
value is ≥50, how accurately would it classify the instances is determined by error frequency
table. Clearly, the error rates in predicting using Rule 1 are lower as compared to Rule 2,
therefore it would be selected for building up the classifier.
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Figure 1.6: One-rule based classifier algorithm, selects the rule for classification with minimum error
frequency

1.3.1.3

RandomForest

The RandomForest algorithm as the name suggests is an algorithm that operates upon a
collection of decision trees. It is an ensemble machine learning method that generates predictions
followed by subsequent majority voting. This involves supervised learning, by mapping of the
input variables into discrete categories.106 (Figure 1.7)

Figure 1.7: RandomForest algorithm implementation
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1.3.1.4

Bagging

Bagging or bootstrap aggregation is an ensemble machine learning approach that aims at
improving the prediction accuracy by combining multiple classifiers. For example, a dataset with
n instances is divided into subsets drawn with m replacements. These sets are supplied to the
classifiers C, to generate predictions which are further filtered through majority voting.110 (See
Figure 1.8)

Figure 1.8: Classification using Bagging algorithm workflow, splits the dataset into smaller subsets which is
supplied to classifier followed by majority voting
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1.3.1.5

Dagging

Dagging bears a degree of similarity to the bagging algorithm. The data is divided into several
folds and supplied to the base classifier which generates the prediction values for each of the
instances. The final outcome for each instance is determined through majority voting.110 (Figure
1.9)

Figure 1.9: Dagging algorithm workflow

1.3.1.6

IBk

IBk or ‘k’ nearest neighbor classification algorithm is a non-parametric approach that looks up
the ‘nearest’ neighbors of a test set instance depending upon a majority vote of the training set
instances.113 Distance functions such as Euclidean or Manhattan distances are generally used to
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measure the distance between the test instance and the training set instances to determine the
nearest neighbors and the class of nearest lying training set instances is assigned to the test set
instance.114 The class labels are assigned to the test instance based upon the threshold (number)
of nearest neighbors defined. (See Figure 1.10) As shown in the figure for a value of k=3, the
training space is searched to find at least 3 neighbors that lie close to the test instance for
classifying the class of the test case.

Figure 1.10: Classification using k nearest approach (IBk), shown is the classification of a test set instance
when k=3

1.3.1.7

LibSVM

LibSVM algorithm implemented through WEKA is based on support vector machines (SVM)
algorithm used for classification and regression purposes.108 The classification is based on a
small fraction of training instances called support vectors, which can be used to discriminate
between the two categories. The method is very sensitive in determining outliers and exhibits
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resistance to overfitting. A high value of the hyperplane that provides maximum separation
between two support vectors signifies a well separated system of distinct categories. (Figure
1.11) SVM can be employed in both linear and non-linear classification problems by using
kernel trick to map dataset instances into high-dimensional feature spaces and achieve maximum
separation between support vectors.115-116

Figure 1.11: LibSVM algorithm workflow for classification

1.3.2

Exploratory data analysis for attribute selection

Machine learning algorithms are also used for exploratory data analysis. Exploratory data
analysis provides valuable insights about the data. Particularly in computational chemistry,
QSAR models are built upon molecular descriptors that predict biological outcomes. A large
number of molecular descriptors can be quantified and most of the computed values may
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possibly be highly correlated.117 The removal of highly correlated, redundant, and statistically
insignificant attributes enhances prediction efficiency and decreases the computational
complexity.
A wide range of attribute or feature selection methods are available that can be used depending
on the nature of the analyses. For this study, attribute prioritization was a critical step to obtain
statistical inferences about the dataset and has been further described in Section 2.3.3. To
determine the important attributes, Boruta package in R programming language was used.118 It
depends on random forest classification algorithm which gives an intrinsic measure of each
attribute, a Z-score that can used to compare the importance of different attributes in the dataset.
The caret (classification and regression training) package was employed for feature evaluation.
Recursive feature elimination implemented to determine the optimum number of features
required for model building, with the lowest error rate.119
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Chapter 2: Cheminformatics platform development
An agonist can be defined as a substance that specifically binds to a receptor with high affinity
and elicits the biological response, whereas, an antagonist binds to a receptor but inhibits the
biological response.120 In prostate cancer, androgen deprivation therapy (ADT) is administered to
patients through anti-androgens which act as antagonists. This antagonist response is
characterized by reduction in PSA levels. However, in cases where AR becomes promiscuous,
the response of anti-androgen is modified into agonist.121-122 This conversion fails to elicit the
anticipated response antagonism, rather increasing levels of PSA are observed.123 Figure 2.1
illustrates the initial cheminformatics pipeline that was developed for the purpose of this study.
The first phase of the workflow included quantification of protein-ligand interactions captured
through the molecular docking with known anti-androgens as well as the native AR ligandDHT. This quantification was achieved through Glide-per-residue scores as well as the novel 4D Inductive descriptors developed in-house. The experimental characterization of previously
reported AR mutants, which were detected via cell-free DNA (cfDNA) sequencing unveiled new
gain-of-function scenarios.124 The therapeutic response was therefore, categorized into agonist
and antagonist classes. These response classes were then assigned to the various protein-ligand
complexes, via a nominal attribute of ‘activity’. Upon activity assignment, the prepared dataset
was statistically analyzed through machine learning to construct QSAR models, therefore
predicting the therapeutic responses. However, this pipeline had certain short-comings, which
have been shown in red in Figure 2.1 and listed below:
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Figure 2.1: Initial pipeline used for predicted mutant - anti-androgen responses

1. The initial pipeline lacked an attribute filter that is necessary for the optimal attribute selection
resulting in high accuracy of the predictive models. This aspect has been further described in
Sections 2.3.3 and 2.3.4.
2. Only a single QSAR modeling layer existed earlier, accountable of generating therapeutic
response predictions of agonist/antagonist. An additional stratum was added, that predicts
whether a given mutant will be active or inactive upon DHT stimulation.
3. The protein-ligand complexes were produced as a result of molecular docking experiments.
However, the structural viability was unknown which required verification and MD simulations
were used to assess the system equilibrium and stability.
4. The cross-validation with experimental characterization results was essential, to assess the
predictive power of the QSAR models generated for mutant – anti-androgen responses.
Therefore, the final pipeline evolved that integrates all the aforementioned aspects and has been
shown through a flowchart in Figure 2.2.9
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Figure 2.2: Final functional pipeline developed for studying mutant- anti-androgen responses

The first section of the pipeline represents computational modeling of the proteins, primarily
through generation of in-silico protein structures. This was followed by molecular docking of
ligand molecules into the protein models for capturing the binding interactions of various
mutants and ligand molecules. The quantification of these interactions by molecular descriptor
computation was the data aggregation operation. Exploratory data analysis was then employed
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for data assimilation and cleaning. With the aid of machine learning algorithms, various
categorical QSAR models have been built, followed by cross-validation of the predictions of the
experimental outcomes. To ensure integrity of the predicted mutant structures of the AR, as well
as validating docked poses, the corresponding protein-ligand complexes were subjected to
molecular dynamics (MD) simulations. The final block of the pipeline (Figure 2.2) represents the
experimental verification of predicted therapeutic responses through in-vitro experiments.
2.1

Datasets

A total of 24 mutants located across the ligand binding domain (LBD) of the AR were recently
characterized by our group. Upon detailed investigation of the anti-androgen treatment
concentrations, statistical trends were used to classify their overall response as either agonists or
antagonists. We built the wild-type AR structure based on PDB ID: 1Z95 crystallographic
structure by adding missing hydrogen atoms and by performing energy minimization.40 The
resulting energy equilibrated wild-type structure was used as a template to generate mutant
protein structures. The initial structure setup for wild-type and mutants were carried out with
Molecular Operating Environment (MOE) 2015.1001, that is a computational chemistry software
package.125
2.1.1

Training dataset

The training set was built comprising of the 24 AR mutants and the wild-type AR earlier studied
by our group, since their response trends were conclusive classifying them as agonists or
antagonists. (See Table 2.1 and Appendix A for more details) The QSAR training set was
constructed containing 84 mutant─ anti-androgen complexes along with the biological activity
classes of either agonist or antagonist. The amino acid residue within the wild-type sequence was
modified corresponding to the mutated residue of the AR, via Residue scan module of MOE.126
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To address any conformational issues as result of the substitutions, energy minimization was
performed with Amber10 force field (set of molecular mechanical forcefields to simulate the
biomolecules).127

S. No. Wild-Type Residue Residue # Mutated Residue
1
L
702
H
2
V
716
M
3
V
731
M
4
W
742
L
5
W
742
C
6
H
875
Y
7
H
875
Q
8
F
877
L
9
T
878
A
10
T
878
S
11
D
880
E
12
L
882
I
13
S
888
G
14
D
891
H
15
E
894
K
16
M
896
V
17
M
896
T
18
E
898
G
19
T
919
S
20
T,S
878,889
A,G
21
T,D
878,891
A,H
22
H,T
875,878
Y,A
23
F,T
877,878
L,A
24
H,T
875,919
Q,S
25
WILD-TYPE
Table 2.1: List of clinically reported AR wild-type substitutions
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2.1.2

Test dataset

A total of 28 amino acid residues located within the LBD were substituted by 19 natural amino
acid residues. A parallel approach such as the one that was employed in the training set was used
to generate 532 protein models. This approach works well for generating single point mutants.
To generate double point mutants, i.e. with a mutation site limit of 2, over 1.00e+007 structures
would be generated. The creation of double mutants is exceedingly computationally expensive,
given the number of possible permutations. The Residue Scan module allows a maximum site
limit of 6, which would generate about 64 million mutant structures.
2.1.3

Ligand molecules used

We used a ligand set containing the native ligand DHT, currently used anti-androgens as well as
other experimental anti-androgens, which are subjects of ongoing clinical trials. The structure of
ODM-201 has not been shown. Table 2.2 lists the ligand molecules used:
S. No.

Molecule

1

DHT

2

ARN-509

Structure
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S. No.

Molecule

3

Bicalutamide

4

Enzalutamide

5

Hydroxyflutamide

Structure

Table 2.2: Ligand molecules used for docking, containing native ligand DHT and other anti-androgens

2.2

Molecular docking protocol

The energy equilibrated wild-type structure generated based on PDB ID: 1Z95 together with the
mutant structures were docked with the ligand molecules shown in Table 2.2.
2.2.1

Protein structure preparation

The protein structures were prepared with the Protein Preparation Wizard within Maestro suite
version 10.1.013, Release 2015-1 (Schrödinger, LLC). All solvent molecules were removed,
followed by hydrogen bond assignment, adjusting the bond order. A restrained energy
minimization was carried out using the OPLS_2005 force field.128 Subsequently, 22 of the

30

structure models were eliminated during the protein preparation, given certain substitutions cause
steric clashes and structural disruption of proteins.
2.2.2

Receptor grid generation

Receptor grids were generated corresponding to the active site within the protein structure, with
a reduced Van der Waals radius scaling factor to 0.8 in order to soften the potential for non-polar
parts of the receptor. The inner box of the grid defines the volume that the ligand center explores
during the exhaustive site-point search across the X, Y and Z coordinates which was defined as
20 Å.
2.2.3

Glide XP docking mode

Glide is a ligand docking program that was used for docking the anti-androgens to the ABS of
AR. There are 3 different docking modes available: HTS (High Throughput Screening) that
scans large (>1 million molecules) compound libraries; SP (Standard Precision) that docks large
number of compounds with enhanced accuracy. As compared to the SP (standard precision)
mode, the XP (extra precision) mode performs more extensive sampling through a more
sophisticated

scoring

function,

with

higher

requirements

for

ligand-receptor

shape

complementarity.76-77 This helps in the reduction of false positives that the SP mode would not
have otherwise penalized.129 The Glide XP program was used to dock the compounds into the
ABS of the AR structures implemented in the Maestro suite.
2.3

Molecular descriptor computation

Molecular descriptors have been used to capture chemical features of the molecules, over various
dimensions of structural representation.130 These descriptors range from 0-D to 6-D:
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Category

Description

0-D

Count descriptors, provides no information about the molecular structure.
Example: atom and bond counts.

1-D

Structural information. Example: SMILES

2-D

Topological descriptors, used to describe the topology of the molecule.
Example: connectivity indices, 2D fingerprints

3-D

Based on the 3-D structures of the molecules (Cartesian or internal
coordinates). Example: dihedral angles, bond angles

4-D

Based on trajectory data of a molecular dynamics simulation. Example:
Volsurf, GRID derived descriptors

5-D

Based on induced-fit parameters, representation of various induced-fit
models. Example: induced fit docking scores/parameters

6-D

Based on information obtained from solvation states along with 5-D
descriptors. Example: Quasar
Table 2.3: Different categories of molecular descriptors used in QSAR modeling

Molecular descriptors have been widely applied to diverse QSAR modeling pipelines.131 The
computation of molecular descriptors was carried out in Glide (Schrödinger) and MOE
(Chemical Computing Group).76-77, 125
2.3.1

Glide per-residue energy scores

Glide per-residue energy scores were calculated for residues lying within 10 Å of the ligand
molecule. 4 different parameters calculated for all those residues within the 10 Å region from the
ligand, which were:
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1. vdw: This residue-ligand interaction parameter, scored by measuring the Van der Waals
energy of interaction between the pair.
2. coul: This parameter measures the Coulomb’s energy of interaction between the pair.
3. eint: It represents the total non-bonded interaction energy, represented as a sum of vdw and
coul energy parameters.
4. hbond: The H-bond per-residue interaction parameter is the total sum of individual H-bond
scores between the ligand and a single residue. This is influenced by atom-types and geometries
involved in H-bonding.
2.3.2

4D-Inductive descriptors

For our study, the quantification of protein-ligand interaction was of prime importance: given,
substitution of wild-type AR residues by a single amino acid could result in a complete switch of
biological responses. This quantification was not possible through the available small molecule
descriptors. In order to quantify interactions between proteins and ligands, novel 4D-inductive
descriptors were developed based on previous 3-D models of inductive descriptors. The
developed descriptors account for the protein structure as well.
On the basis of the 3D models of inductive (polar) effects (σ), steric effects (Rs, Abs_Rs),
‘inductive’ electronegativity (χ), ‘inductive’ charge (Q) and molecular capacitance, a range of
novel 4-dimensional (4D) inductive descriptors has been developed for this study to quantify
receptor-ligand interactions at atomic level.132-134 The theory and mathematical formalism of the
‘inductive’ descriptors have been widely applied to various studies such as estimation of
hemolytic C-H bond dissociation enthalpies etc.135-137 All the ‘inductive’ descriptors possess
physical meaning and are calculated based on atomic properties like covalent radii,
electronegativity and interatomic distances. This enables their use in QSAR analyses of huge
33

chemical compound datasets and also, for larger molecular systems such as proteins and
complexes.137-139 The 4D inductive descriptors were implemented in the Scientific Vector
Language (SVL)
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and computed by our in-house script integrated in MOE. The general

formulae used to compute the inductive descriptors have been listed below.136
𝑛
∗

𝜎 =∑
𝑖=1

∆𝑋𝑖 𝑅𝑖2
𝑟𝑖2

Inductive constant of any substituent at reaction center
𝑛

𝑅𝑆 = ∑
𝑖=1

𝑅𝑖2
= ∑ 𝑅𝑆𝑖
𝑟𝑖2
𝑖

Steric parameter computed for the i-th atom into overall RS group value
𝑁−1

𝑞𝑖 = ∑
𝑗,𝑗≠1

∆𝑋𝑗−𝑖 (𝑅𝑗2 + 𝑅𝑖2 )
2
𝑟𝑗−𝑖

Pair inductive charges at an atom ‘i’ computed through pair inductive interactions with other ‘j’
atoms of the molecule

The developed 4-D Inductive descriptors have been further described in Section 3.2.1.9
Three categories of descriptors were developed and calculated for all receptor-ligand complexes:
(1) Rs_L_R (steric effect Rs), Abs_Rs_L_R (absolute steric effect Abs_Rs), σ_L_R (inductive
effect σ), and Q_L_R (overall charge Q) descriptors were calculated to measure, the steric,
absolute steric, inductive electronegativity and overall charges respectively, the cumulative
influence of all ligand (L) atoms on all receptor (R) atoms within 10 Å receptor region
surrounding the ligand;
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(2) From the overall receptor (R) and ligand (L) range, specific amino acid interactions were
quantified using the AA# (amino acid residue number) descriptors. AA#_Rs_AA_R,
AA#_Abs_Rs_AA_R, and AA#_σ_AA_R descriptors were computed to quantify the steric and
inductive effects of all atoms of mutated amino acid residues (AA#) relative to the wild-type; and
(3) The hybridized states of the receptor (R) and ligand (L) molecules were quantified by
R_Ah_L_Ah descriptors, as the inverse square of interatomic distances, the interactions between
all receptor atoms within the 10 Å cut-off region in all possible hybridized states (R_Ah) and all
ligand atoms in their hybridized states (L_Ah).
The significance and interpretation of our novel 4D inductive descriptors in discriminating the
behavior of AR mutants relative to the AR wild-type are highlighted in Section 3.2.
2.3.3

Attribute pruning and prioritization

Attribute pruning and selection is one of the most important steps of QSAR modeling that
removes highly correlated attributes, filters out outliers and other ambiguities in the dataset such
as missing, or redundant points. The exploratory data analysis workflow was created in R
programming language and implemented in the RStudio environment.141-142 The Boruta
algorithm was used for attribute prioritization by statistical importance ranking.118 The algorithm
establishes relevance by comparing the importance of actual attributes against random probes
(shadow attributes). It uses a wrapper built around the random forest classification algorithm
implemented in the R randomForest package.143 The random forest algorithm is considerably
quick and easy to implement that gives a numerical estimate of attribute importance. Being an
ensemble method, it encapsulates numerous unbiased decision trees and their consensus voting
for deducing the classification. The Boruta algorithm encompasses the following steps:
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1. Dataset expansion, by addition of shadow attributes followed by shuffling of added attributes
alienates their correlation with the response variable.
2. Accumulation of Z scores computed in the random forest classifier run.
3. Determination of maximum Z score among the shadow attributes (MZSA); those hits which
score better than the MZSA are now assigned as IMPORTANT attributes.
4. Attributes whose significance was undetermined land up in the UNDECIDED category.
5. Attributes with lower significance than MZSA were assigned to the UNIMPORTANT
category, which must be removed from the dataset.
6. Attributes with higher significance than MZSA were assigned to the IMPORTANT category.
7. All shadow attributes were removed.
8. Procedure was repeated until the importance was assigned into only two categories:
IMPORTANT and UNIMPORTANT or the algorithm reached the maximum limit of random
forest runs, previously assigned.118
2.3.4

Attribute selection

Recent datasets have been described with way too many variables for model building. A
sufficient attribute pool is the prime prerequisite before operating on the dataset with machine
learning algorithms. The caret (Classification And Regression Training) package developed in R
programming language was incorporated into our exploratory data analysis pipeline.119 Wrapper
method such as recursive feature elimination (RFE) was applied to evaluate multiple models,
involving the addition or removal of attributes to find the optimal combination which would
maximize the performance of the model. RFE serves 3 tasks: attribute selection, model fitting
and performance evaluation.144 Furthermore, through resampling of the attributes, the
performance estimates were obtained that reflects the variation due to attribute selection.
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2.4

QSAR model development

Upon completion of the attribute pruning, prioritization and selection, the dataset was assimilated
and prepared. The key factor defining the type of QSAR models to be developed was the
nominal attribute of ‘activity’ which held two class responses of either AGONIST (+1) or
ANTAGONIST (-1). These models were built upon the algorithms described in Section 1.3.1.
2.4.1

Model building and consensus vote approach

The KnowledgeFlow application in the WEKA suite, was used to design the procedural flow for
generating QSAR models, as shown in Figure 2.3 below.108 Machine learning algorithms were
implemented for QSAR model building, including Bagging, Dagging, Local-lazy method (IBk),
DecisionStump, LibSVM, OneR, and RandomForest. These algorithms generate binary
predictions for a nominal attribute of ‘activity’. The binary predictions were either +1 (Agonist)
or -1 (Antagonist) that were produced for all the instances.
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Figure 2.3: WEKA knowledge workflow implemented
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Consensus voting approach is applied to the various predictive models generated, that gathers all
solutions and employs majority voting to determine the predicted category of an instance. This
approach maximizes the prediction performance and also describes the use of only one single
algorithm for predicting may not be the ideal case, which may produce biased predictions.

2.4.2

Evaluation of QSAR models

A 10-fold cross validation approach was used for evaluating the QSAR model. The dataset was
divided into k equal subsets, then k-1 subsets are treated as training set whereas the remaining 1
subset is retained for testing.145 Since, a 10-fold cross validation was to be performed the process
was repeated 10 times, with each of the k subsets being used as a test set. The results of these
folds (number of times the test was repeated) can be averaged or aggregated yielding a single
estimation.146 Furthermore statistical measures of the model performance reflect the accuracy
and efficiency for a binary categorical classification testing problem, like ours. The following
parameters were computed:
1. Sensitivity: Sensitivity is the proportion of correctly identified true positives (TP) to the
probability of a positive outcome for the test. TP in this case is the number of correctly identified
+1 (agonist) responses.147
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

2. Specificity: Specificity is the proportion of correctly identified true negatives to the probability
of a negative outcome for the test. TN in this case is the number of correctly identified -1
(antagonist) responses.147
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

3. Precision: Precision or positive predictive value (PPV) is the ratio between the number of true
positives and the total number of positive outcomes (both true and probable).147
𝑃𝑃𝑉 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

4. Accuracy: The proportion of the correctly identified positive and negative outcomes (true
positives and negatives), to all the outcomes of the diagnostic test, is the statistical measure of
accuracy. 147
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

5. ROC space: The accuracy of a testing problem such as categorical classification largely
depends on how well the true and false positives are distinguishable. Thus, the Receiver Operator
Characteristic (ROC) curve was generated by plotting the values of the sensitivity against 1specificity (false positive rate, FPR).
𝐹𝑃𝑅 =

𝐹𝑃
𝐹𝑃 + 𝑇𝑁

A perfect ROC curve would cover an area of 100 % while area below 50% coverage denotes
random outcomes which are statistically insignificant.148
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2.4.3

External test set validation

The predictions were generated for two external datasets, one dataset comprising of the in-silico
engineered mutants and the second set containing known AR mutants complexed with the
experimental anti-androgen, ODM-201. The mutant-drug responses were unknown at the time of
model construction and testing for ODM-201 dataset.
With the absence of the experimental anti-androgen ODM-201 in the QSAR training dataset, the
external validation could examine the applicability and adaptability of the models. Predictions
were generated, using similar approach as for the in-silico mutant dataset.

2.5

Molecular dynamics simulations analyses

To evaluate the structural integrity and system equilibrium of the mutant protein-drug complex,
molecular dynamics (MD) simulations were carried out with Amber and Gaussian09 packages
via computing facilities provided by Westgrid.149-150
2.5.1

Steps involved in MD simulations

The protein-ligand complex was checked again for any issues. The macromolecular complex was
assigned the protonation state through Protonate3D application of MOE, and AMBER10
(Assisted Model Building with Energy Refinement) force field was used.151-153 The ligand
molecule was extracted separately from the protein-ligand complex and is saved as a PDB file.
This file was then converted into XYZ format, using VMD; that specifies the ligand geometry
represented by atom number aligned with the Cartesian coordinates.154 The different steps of MD
simulations have been described in subsequent sections.
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2.5.1.1

Ligand geometry optimization and atomic charge assignment

The geometries of the ligand molecules were fully optimized using the Gaussian09 suite of
programs, accessed through Westgrid’s Grex cluster. The Gaussian electrostatic potential
(GESP) file was generated that bear electrostatic potential information around the ligand
molecule, computed quantum-chemically using HF/6-31G optimization (basis set to add
flexibility and polarization functions to atoms).155 The job was submitted on the Grex cluster
with a wall time of 168 hours on 2 processors with a 2000 MB memory allocation.
The atomic charges were assigned through Amber’s Antechamber program based on restrained
electrostatic potential (RESP) fitting and generalized amber force field (GAFF) atom types to the
ligand molecule.156-158 The hydrogens were then stripped off the protein, used as an input for the
TLEAP program. All subsequent processes including Antechamber’s atomic charge assignment
were carried out on the Jasper cluster, which is intended for serial and MPI-based parallel
computing.
2.5.1.2

Protein-ligand forcefield assignment and energy minimization

TLEAP program reads the pre-determined coordinate files (PDB) and generates a topology file.
This program assigns the protein-ligand force fields and neutralizes the system by adding counter
ions either Na+ or Cl- depending on the total charge of the system. Then, the system was solvated
in a TIP3P 10.0 Å water box. Energy minimization was performed for removal of any steric
clashes by gradually decreasing the restrain weights from 50 to 0 kcal/mol-Å2. The minimization
is carried out with stepwise decrement of restrain weights since a sudden change, may disrupt the
structural integrity.
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2.5.1.3

Heat, pressure application and production run

The system was heated from 100 K to 300 K with a fixed protein structure, and restraint weight
of 10.0. After heating the system up to 300 K, pressure measuring 1 ATM was applied to the
system reducing the restraints from 10.0 to 0 in a 3-step process.
The 25 ns production run was initiated on 24 processors across 2 nodes on Westgrid’s Jasper
cluster with a wall time of 72 hours and 2000 MB memory allocation. On an average, the
production run completed in 40 hours.
2.5.2

RMSD and contact frequency analysis

Root mean square deviation (RMSD) of atomic positions was evaluated between the initial and
final points of MD simulations. This measure of average distance between the backbone atoms
of superposed protein structures, gives an insight about the overall structural stability and
integrity of the structure. The conformations of the mutants were oriented in space in order to
optimally superimpose the backbones upon each other. This molecular fitting measured by the
distance of atoms between the two superimposed protein structures, and can be described by the
following formula:
𝑎𝑡𝑜𝑚𝑠
∑𝑁
𝑑𝑖2
𝑅𝑀𝑆𝐷 = √ 𝑖=1
𝑁𝑎𝑡𝑜𝑚𝑠

RMSD computation between two receptor-ligand complexes

where, Natoms : number of atoms over which RMSD is measured and di : distance between
coordinates of the ith atom in the two structures.159
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RMSD analysis was employed to compare the initial protein structure (docked conformation)
and the final equilibrated structure. The RMSD between the structures is calculated at every
frame of the 2500 MD simulation frames.
The frequency of the contact between the ligand and surrounding protein residues was calculated
for the resulting MD trajectory to see how the protein-ligand interaction scheme changes from
the predicted docked pose (initial conformation of MD simulation). In the present study, the
contact between the ligand and the residue is defined when the distance between any of the
ligand atoms and any of the residue atoms is closer than 3.0 Å.

2.6

In-vitro screening of predicted anti-androgen responses

The response of AR mutants to increasing concentrations of various anti-androgens has been
measured using a luciferase-reporter based transcriptional assay. PC3 cells lacking the AR were
transiently co-transfected with 25 ng of either the wild-type or a mutated form of the AR and 25
ng of the reporter plasmid pARR3-tk-luciferase.9 48 hours after transfection, cells were
stimulated with 0.1 nM of the synthetic androgen R1881 and treated with 0.1 % DMSO (for the
control) or increasing concentrations of anti-androgens (Bicalutamide, Enzalutamide, and
Hydroxyflutamide). Cells were lysed after 24 hours and the luciferase activity was quantified.
Each concentration was assayed in quadruplicate n = 4, with 2 to 3 biological replicates. Results
were normalized to the wild-type AR activity.
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Chapter 3: Cheminformatics modeling of AR mutant─ drug responses
The Cheminformatics modeling pipeline as described in Figure 2.2 was adopted for generating
and in silico evaluating AR mutants and predicting their drug responses.
3.1

In-silico AR mutant analyses

The in-silico AR mutant analyses provided valuable insights in understanding and differentiating
between wild-type and mutant-AR receptors. These modeling experiments revealed several
striking findings that may correspond to structural changes in the receptor, potentially describing
the protein-ligand interactions that dictate the biological response and viability.
3.1.1

Generating AR mutant structures

A total of 25 training set instances were created, combining 24 reported AR mutants along with
the wild-type AR as described in Section 2.1.1. The Residue Scan module of MOE was used to
generate AR mutant structures. This module provides the functionality of site-directed
mutagenesis for a maximum of 6 mutation sites or substitution by 20 amino acids at 6 sites
enumerating to about 64 million sequences. To construct the test set 28 residues in the ABS were
substituted by 19 other residues, producing a total of 532 mutant structure models. The mutated
residues have been listed in Table 3.1. 22 out of the generated test-set structure models were
filtered out in the protein preparation step. Receptor grids were then generated for the remaining
25 training and 510 test set structures (535 in total). The ligand molecules were docked into the
ABS, using Glide XP mode. Compared to Glide SP, higher amount of computational resources
were consumed. For instance a SP docking job to dock 7 ligand molecules to 1 protein structure
consume 3 minutes, over the localhost whereas, the same job done through XP mode would take
up to 18 minutes to incorporate the docking results.
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S. No. Residue #Mutated Residue
1
685
V
2
702
L
3
705
L
4
706
N
5
708
L
6
709
G
7
712
Q
8
716
V
9
739
Q
10
742
W
11
743
M
12
746
M
13
747
V
14
750
M
15
765
F
16
766
A
17
781
M
18
784
Q
19
788
M
20
873
E
21
874
L
22
877
L
23
878
T
24
879
F
25
881
L
26
892
F
27
896
M
28
900
I
Table 3.1: Residues of the wildtype AR (WT-AR) mutated to engineer in-silico mutants

3.1.2

Structure-based analyses

The molecular docking revealed several distinct binding poses that exhibits a clear contrast
between the wild type and mutant AR receptor structures. The ABS is a well buried pocket,
hydrophobic in nature that has been linked to the numerous hydrophobic side chains that build
up the ABS.41 The side chains make several contacts with the ABS binders through Van der
Waals, and electrostatic interactions. Interestingly, the ABS also contains two polar regions
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located at the opposite ends: with R753 on one, and N706 on the other. This region can be
thought of as a ‘hook’ region, that helps in anchoring the steroidal ligands.23
The crystal structures of the AR LBD reported all represent the protein in an agonist
conformation. The AR-LBD antagonist crystal structure is unavailable till date. Investigations
into the receptor-ligand interactions of the wild type versus mutants possible through
computational modeling provide substantial clues that could plausible explanations for the
antagonist to agonist response switch.
In 2013, Gao et al. reported a new mutant F877L that agonizes the then recently approved antiandrogen Enzalutamide. Retrospective analysis to study the interaction of Enzalutamide within
the wild-type ABS, suggests that the binding conformation can be correlated with an agonist (AR
growth activating)/antagonist (AR growth inhibiting) response. The expected response of an antiandrogen is to inhibit the proliferation of the cells of the prostate (antagonist) however, in certain
cases this anticipated behavior is not observed given promiscuity in the mutated AR yielding
agonist response, promoting cell growth. In the docking experiment, Enzalutamide was found to
bind in a distinct conformational orientation as compared to WT─ Enzalutamide complex, as
shown in Figure 3.1. This was accompanied by elevated levels of protein-ligand interactions in
the F877L─Enzalutamide complex. (See Figure 1.3) The substitution of a larger phenylalanine
side chain by a smaller leucine, results in an increased ligand accessible surface area. This
permits Enzalutamide to traverse deep into the ABS, making some key interactions such as π-π
stacking interactions between the ring moiety with the benzene ring of the F765 residue in
addition to other Hydrogen bond interactions with residue backbones, especially with the L877
residue.
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Figure 3.1: Ligand interaction diagram-Enzalutamide bound to the androgen binding site (ABS) of F877L
mutant, L877 residue interacts with the ligand molecule through H-bonding in addition to π-π stacking
between benzene ring of F765 and ring moiety of Enzalutamide

Overall, contrasting with the interactions of the wild-type receptor with the native as well as
other ligands opened up a new avenue for further analysis. When these aforementioned receptorligand interactions were quantified, a correlation between the computed values and functional
characterization could also be established.
3.2

Molecular descriptors and statistical trends

A total of 225 4D-Inductive descriptors along with Glide Per-Residue Interaction scores were
calculated for the protein-ligand complexes. Glide per-residue interaction scores for residues
lying within a 10 Å distance of the grid center were calculated. The Coulomb, van der Waals,
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and H-bonding scores were computed and written as structure-level properties for each ligand to
the Maestro file generated.
3.2.1

List of 4D-inductive descriptors computed

The following 4D-Inductive descriptors were developed in SVL for this study, where R is the
receptor and L is the ligand. The list contains 84 descriptors, and the rest generated were residuespecific iterations of the same Rs, Abs_Rs and Sigma_L_R descriptors, totaling up to 225 along
with Glide per-residue interaction scores.
S.
No.

Name

Description

1.

Rs_L_R

Steric effect between the ligand and 10 Å region of the receptor

2.

Abs_Rs_L_R

Absolute steric effect between the ligand and the receptor (10 Å)

3.

Sigma_L_R

Cumulative sum of interactions between the ligand and receptor

4.

Q_L_R

Overall charge interaction between ligand and receptor

5.

R_Csp3-L_Csp3

Steric interaction between Carbon sp3 of L and R

6.

R_Csp3-L_Csp2

Steric interaction between Carbon sp3 of R and sp2 carbon of L

7.

R_Csp3-L_Csp

Steric interaction between carbon sp3 of R and sp carbon of L

8.

R_Csp3-L_Osp3

Steric interaction between carbon sp3 of R and oxygen sp3 of L

9.

R_Csp3-L_Osp2

Steric interaction between carbon sp3 of R and oxygen sp2 of L

10.

R_Csp3-L_Nsp3

Steric interaction between carbon sp3 of R and nitrogen sp3 of L

11.

R_Csp3-L_Nsp2

Steric interaction between carbon sp3 of R and nitrogen sp2 of L

12.

R_Csp3-L_Nsp

Steric interaction between carbon sp3 of R and nitrogen sp of L

13.

R_Csp3-L_Ssp3

Steric interaction between carbon sp3 of R and sulphur sp3 of L

14.

R_Csp3-L_Ssp2

Steric interaction between carbon sp3 of R and sulphur sp2 of L
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S.
No.

Name

Description

15.

R_Csp3-L_Fsp3

Steric interaction between carbon sp3 of R and fluorine sp3 of L

16.

R_Csp2-L_Csp3

Steric interaction of carbon sp2 of R and carbon sp3 of L

17.

R_Csp2-L_Csp2

Steric interaction of carbon sp2 of R and carbon sp2 of L

18.

R_Csp2-L_Csp

Steric interaction of carbon sp2 of R and carbon sp of L

19.

R_Csp2-L_Osp3

Steric interaction between carbon sp2 of R and oxygen sp3 of L

20.

R_Csp2-L_Osp2

Steric interaction between carbon sp2 of R and oxygen sp2 of L

21.

R_Csp2-L_Nsp3

Steric interaction between carbon sp2 of R and nitrogen sp3 of L

22.

R_Csp2-L_Nsp2

Steric interaction between carbon sp2 of R and nitrogen sp2 of L

23.

R_Csp2-L_Nsp

Steric interaction between carbon sp2 of R and nitrogen sp of L

24.

R_Csp2-L_Ssp3

Steric interaction between carbon sp2 of R and sulphur sp3 of L

25.

R_Csp2-L_Ssp2

Steric interaction between carbon sp2 of R and sulphur sp2 of L

26.

R_Csp2-L_Fsp3

Steric interaction between carbon sp2 of R and fluorine sp3 of L

27.

R_Osp3-L_Csp3

Steric interaction between oxygen sp3 of R and carbon sp3 of L

28.

R_Osp3-L_Csp2

Steric interaction between oxygen sp3 of R and carbon sp2 of L

29.

R_Osp3-L_Csp

Steric interaction between oxygen sp3 of R and carbon sp of L

30.

R_Osp3-L_Osp3

Steric interaction between oxygen sp3 of R and oxygen sp3 of L

31.

R_Osp3-L_Osp2

Steric interaction between oxygen sp3 of R and oxygen sp2 of L

32.

R_Osp3-L_Nsp3

Steric interaction between oxygen sp3 of R and nitrogen sp3 of L

33.

R_Osp3-L_Nsp2

Steric interaction between oxygen sp3 of R and nitrogen sp2 of L

34.

R_Osp3-L_Nsp

Steric interaction between oxygen sp3 of R and nitrogen sp of L

35.

R_Osp3-L_Ssp3

Steric interaction between oxygen sp3 of R and sulphur sp3 of L

36.

R_Osp3-L_Ssp2

Steric interaction between oxygen sp3 of R and sulphur sp2 of L
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S.
No.

Name

Description

37.

R_Osp3-L_Fsp3

Steric interaction between oxygen sp3 of R and fluorine sp3 of L

38.

R_Osp2-L_Csp3

Steric interaction between oxygen sp2 of R and carbon sp3 of L

39.

R_Osp2-L_Csp2

Steric interaction between oxygen sp2 of R and carbon sp2 of L

40.

R_Osp2-L_Csp

Steric interaction between oxygen sp2 of R and carbon sp of L

41.

R_Osp2-L_Osp3

Steric interaction between oxygen sp2 of R and oxygen sp3 of L

42.

R_Osp2-L_Osp2

Steric interaction between oxygen sp2 of R and oxygen sp2 of L

43.

R_Osp2-L_Nsp3

Steric interaction between oxygen sp2 of R and nitrogen sp3 of L

44.

R_Osp2-L_Nsp2

Steric interaction between oxygen sp2 of R and nitrogen sp2 of L

45.

R_Osp2-L_Nsp

Steric interaction between oxygen sp2 of R and nitrogen sp of L

46.

R_Osp2-L_Ssp3

Steric interaction between oxygen sp2 of R and sulphur sp3 of L

47.

R_Osp2-L_Ssp2

Steric interaction between oxygen sp2 of R and sulphur sp2 of L

48.

R_Osp2-L_Fsp3

Steric interaction between oxygen sp2 of R and fluorine sp3 of L

49.

R_Nsp3-L_Csp3

Steric interaction between nitrogen sp3 of R and carbon sp3 of L

50.

R_Nsp3-L_Csp2

Steric interaction between nitrogen sp3 of R and carbon sp2 of L

51.

R_Nsp3-L_Csp

Steric interaction between nitrogen sp3 of R and carbon sp of L

52.

R_Nsp3-L_Osp3

Steric interaction between nitrogen sp3 of R and oxygen sp3 of L

53.

R_Nsp3-L_Osp2

Steric interaction between nitrogen sp3 of R and oxygen sp2 of L

R_Nsp3-L_Nsp3

Steric interaction between nitrogen sp3 of R and nitrogen sp3 of
L

55.

R_Nsp3-L_Nsp2

Steric interaction between nitrogen sp3 of R and nitrogen sp2 of
L

56.

R_Nsp3-L_Nsp

Steric interaction between nitrogen sp3 of R and nitrogen sp of L

57.

R_Nsp3-L_Ssp3

54.

Steric interaction between nitrogen sp3 of R and sulphur sp3 of
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S.
No.

Name

Description
L

R_Nsp3-L_Ssp2

Steric interaction between nitrogen sp3 of R and sulphur sp2 of
L

59.

R_Nsp3-L_Fsp3

Steric interaction between nitrogen sp3 of R and fluorine sp3 of
L

60.

R_Nsp2-L_Csp3

Steric interaction between nitrogen sp2 of R and carbon sp3 of L

61.

R_Nsp2-L_Csp2

Steric interaction between nitrogen sp2 of R and carbon sp2 of L

62.

R_Nsp2-L_Csp

Steric interaction between nitrogen sp2 of R and carbon sp of L

63.

R_Nsp2-L_Osp3

Steric interaction between nitrogen sp2 of R and oxygen sp3 of L

64.

R_Nsp2-L_Osp2

Steric interaction between nitrogen sp2 of R and oxygen sp2 of L

R_Nsp2-L_Nsp3

Steric interaction between nitrogen sp2 of R and nitrogen sp3 of
L

66.

R_Nsp2-L_Nsp2

Steric interaction between nitrogen sp2 of R and nitrogen sp2 of
L

67.

R_Nsp2-L_Nsp

Steric interaction between nitrogen sp2 of R and nitrogen sp of L

R_Nsp2-L_Ssp3

Steric interaction between nitrogen sp2 of R and sulphur sp3 of
L

R_Nsp2-L_Ssp2

Steric interaction between nitrogen sp2 of R and sulphur sp2 of
L

70.

R_Nsp2-L_Fsp3

Steric interaction between nitrogen sp2 of R and fluorine sp3 of
L

71.

R_Ssp3-L_Csp3

Steric interaction between sulphur sp3 of R and carbon sp3 of L

72.

R_Ssp3-L_Csp2

Steric interaction between sulphur sp3 of R and carbon sp2 of L

73.

R_Ssp3-L_Csp

Steric interaction between sulphur sp3 of R and carbon sp of L

74.

R_Ssp3-L_Osp3

Steric interaction between sulphur sp3 of R and oxygen sp3of L

58.

65.

68.

69.
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S.
No.

Name

Description

75.

R_Ssp3-L_Osp2

Steric interaction between sulphur sp3 of R and oxygen sp2of L

76.

R_Ssp3-L_Nsp3

Steric interaction between sulphur sp3 of R and nitrogen sp3of L

77.

R_Ssp3-L_Nsp2

Steric interaction between sulphur sp3 of R and nitrogen sp2of L

78.

R_Ssp3-L_Nsp

Steric interaction between sulphur sp3 of R and nitrogen sp of L

79.

R_Ssp3-L_Ssp3

Steric interaction between sulphur sp3 of R and sulphur sp3of L

80.

R_Ssp3-L_Ssp2

Steric interaction between sulphur sp3 of R and sulphur sp2of L

81.

R_Ssp3-L_Fsp3

Steric interaction between sulphur sp3 of R and fluorine sp3of L

82.

AA#_Rs_AA_L

Steric interaction between amino acid residue AA# with the
ligand

83.

Absolute steric interaction between amino acid residue AA# with
AA#_Abs_Rs_AA_L the ligand

84.

Overall charge interaction between amino acid residue AA# with
the ligand

AA#_Sigma_AA_L

Table 3.2: List of 4D-inductive descriptors computed, AA# descriptors were calculated for the mutated
residues

3.2.2

Drug response correlation with molecular descriptor values

Lallous et al. reported that the AR mutant H875Y has one of the most aggressive agonist
responses to all currently available anti-androgens.8 Partial agonist response represents the biphasic behavior of the anti-androgen that would initially activate the receptor followed by a
decline in activation and re-activation at higher concentrations. Whereas, when the receptor is
activated by lower concentrations of the anti-androgens and the trend is consistent with rising
concentrations can be inferred to as complete agonist response. Hydroxyflutamide acts as a
complete agonist against this mutant. This behavior can be traced to the descriptor values
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computed for H875Y mutant complex with Hydroxyflutamide. Attributed to its smaller surface
area, Hydroxyflutamide does not encounter as much steric hindrance as compared to
Bicalutamide and Enzalutamide, permitting more chances to make more contacts with different
residues within the mutant pocket. Furthermore, it has been reported that this mutant yields
weaker agonist responses to Bicalutamide and Enzalutamide and can be observed in the
descriptor values that signify the speculated correlation of the drug responses and protein-ligand
interactions.
H875Y

Rs_L_R

Abs_Rs_L_R

875 Rs_AA_L

R_Csp3-L_Fsp3

R_Nsp2-L-Nsp

Bicalutamide

239.39

70.57

0.37

13.37

1.17

Response
Partial
Agonist
Partial

Enzalutamide

268.38

78.94

0.48

13.12

1.16
Agonist
Complete

Hydroxyflutamide

157.73

46.65

0.19

9.84

0.00
Agonist

Table 3.3: Descriptor value correlation with biological response obtained for mutant H875Y

3.2.3

Descriptor pruning and ranking

To analyze the spread and distribution of descriptor values, density measure was used through
ggplot2 package in R.160 The attributes were pruned and prioritized through Boruta and caret
packages of R programming language and the top ranking attributes were then chosen for QSAR
modeling. After removal of any correlation with nominal attribute (activity, in this case), 3
shadow attributes (shown in Blue in Figure 3.2) were added to the dataset, and Z-scores were
accumulated through random forest algorithm implementation. The list of all the 225 attributes
(in order of their importance as shown in figures 3.2 and 3.3) can be found in Appendix B.
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Figure 3.2: Prioritization of attributes, initial run of Boruta package. Shadow attributes: blue, Rejected
attributes: red, Undecided importance of attributes: yellow, Confirmed importance: green

Based upon the MZSA score (Maximum Z-Score of Shadow Attribute), attributes scoring were
sorted. In the very first run, through 99 iterations performed over 19.66 seconds, Boruta
segregated the attributes into 3 categories of importance (confirmed, undecided, rejected).
135 attributes were rejected after this run, whereas 18 were confirmed to be important for model
building. Within the undecided category, 20 attributes were present, which had a tentative
‘undecided importance’. In the second Boruta run, the undecided class was re-evaluated, and 28
attributes were confirmed to be important. (See Figure 3.3)
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Figure 3.3: Attribute prioritization, final run- segregates into confirmed (green) and rejected (red) classes
based on importance

The attribute prioritization output enlisting the attributes and the importance parameters have
been listed in Table 3.4.

S.No.

Attribute

meanImp medianImp minImp maxImp normHits

Decision

1

X896.Abs_Rs_AA_L

7.16

7.39

4.40

8.89

1.00

Confirmed

2

X716.Rs_AA_L

5.88

5.92

3.43

7.56

1.00

Confirmed

3

X896.Rs_AA_L

5.35

5.56

3.09

6.98

0.99

Confirmed

4

R_Osp3.L_Nsp3

5.24

5.30

3.29

6.89

0.98

Confirmed

5

R_Osp3.L_Csp2

5.16

5.26

3.59

6.49

0.98

Confirmed

6

X731.Rs_AA_L

4.87

4.96

3.24

6.35

0.97

Confirmed

7

X731.Abs_Rs_AA_L

4.58

4.63

2.38

6.24

0.93

Confirmed

8

X742.Rs_AA_L

4.74

4.73

2.84

6.19

0.96

Confirmed
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S.No.

Attribute

meanImp medianImp minImp maxImp normHits

Decision

9

r_i_glide_emodel

4.34

4.50

1.69

6.18

0.87

Confirmed

10

R_Osp2.L_Nsp3

4.83

4.81

3.12

6.13

0.96

Confirmed

11

R_Osp3.L_Fsp3

4.56

4.57

2.71

5.88

0.93

Confirmed

12

R_Nsp3.L_Ssp2

4.11

4.31

1.73

5.83

0.80

Confirmed

13

r_glide_res.871_Eint

4.34

4.54

1.48

5.81

0.88

Confirmed

14

X742.Abs_Rs_AA_L

4.21

4.20

2.51

5.72

0.90

Confirmed

15

R_Csp2.L_Nsp3

4.38

4.38

2.87

5.68

0.92

Confirmed

16

X716.Abs_Rs_AA_L

4.20

4.23

2.89

5.51

0.92

Confirmed

17

R_Csp3.L_Nsp3

3.93

3.96

2.23

5.47

0.87

Confirmed

18

r_glide_res.870_Eint

3.95

3.95

2.46

5.40

0.88

Confirmed

19

r_glide_res.878_dist

3.69

3.80

0.89

5.35

0.76

Confirmed

20

r_glide_res.779_Eint

3.71

3.79

1.71

5.30

0.74

Confirmed

21

R_Osp3.L_Csp3

3.65

3.63

2.43

5.25

0.78

Confirmed

22

X898.Abs_Rs_AA_L

3.64

3.64

2.03

5.10

0.77

Confirmed

23

R_Csp3.L_Nsp

3.11

3.30

0.38

5.03

0.57

Confirmed

24

R_Osp2.L_Csp2

3.75

3.76

2.21

5.03

0.78

Confirmed

25

X894.Abs_Rs_AA_L

3.81

3.92

1.92

5.01

0.81

Confirmed

26

X882.Sigma_AA_L

3.53

3.57

1.66

4.91

0.71

Confirmed

27

R_Csp2.L_Csp2

3.63

3.70

2.07

4.86

0.74

Confirmed

28

R_Ssp3.L_Nsp3

3.65

3.65

2.20

4.75

0.74

Confirmed

Table 3.4: List of molecular descriptors with confirmed importance as per Boruta implementation for
attribute prioritization

3.3

QSAR model development and validation

Prior to QSAR model development, lowest number of attributes are required to be selected that
would yield maximum performance as well as lowest error rate. This step controls the possible
redundancy scenario. RFE (recursive feature elimination) was employed via the caret package to
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determine the number of attributes required to build up QSAR models with minimum RMSE
(root mean squared error). See Figure 3.4

Figure 3.4: Determining the number of attributes to be used for QSAR modeling

A total of 5 attributes were used for constructing the QSAR models, as shown by the caret
implementation of RFE, to yield lowest RMSE upon cross-validation shown in Table 3.5.
No.

Name

Definition

Class

Steric hindrance on sp3 hybridized Carbons of receptor
4D1.

R_Csp3-L_Nsp3

(within 10 Å of the ligand) by sp3 hybridized Nitrogen of
Inductive
ligand
Steric hindrance on sp2 hybridized Carbons of receptor
4D-

2.

R_Csp2-L_NSp3

(within 10 Å of the ligand) by sp3 hybridized Nitrogen of
Inductive
ligand

3.

R_Osp3-L_Nsp3

Steric hindrance on sp3 hybridized Oxygens of receptor 4D-
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No.

Name

Definition

Class

(within 10 Å of the ligand) by sp3 hybridized Nitrogen of Inductive
ligand
Steric hindrance on sp2 hybridized Oxygens of receptor
4D4.

R_Osp2-L_Nsp3

(within 10 Å of the ligand) by sp3 hybridized Nitrogen of
Inductive
ligand
Weighting of force field components (electrostatic and

5.

r_i_glide_emodel van der Waals energies) for picking best ligand binding Glide
pose
Table 3.5: Attributes selected for QSAR model construction

3.3.1

Categorical QSAR models predict biological responses

QSAR models were applied for screening the therapeutic biological responses of anti-androgens
with respect to various mutants. The nominal attribute ‘activity’ was amalgamated with the
computed molecular descriptors. This attribute was created based on the observations of the
functional characterization experiment performed at the Vancouver Prostate Centre, populating
instances with either +1 (agonist) or -1 (antagonist) classes.8
Similarly, another dichotomous attribute, ‘active’ was added to the training set, that denotes the
activation or inactivation of the receptor by native ligand, DHT. This attribute was populated
with binary values 1 (active) or 0 (inactive). Briefly, categorical QSAR models were then
generated for predicting values of the aforementioned nominal attributes, by using a collection of
7 machine learning classification algorithms implemented in WEKA, described in Section 1.3.2.
A 10-fold cross validation initially validated the train-model, followed by external test
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validation. The predictions were then screened by a consensus voting protocol to determine the
final predicted outcome for each of the instances.
3.3.2

Significance of consensus voting for classification algorithms

The classifier algorithms incorporated into the QSAR modeling pipeline contain a variety of
weak and strong learners. Boosting algorithms, i.e. combining weak learners to produce a strong
learner, may be highly effective in solving the problem. Although, the downside of boosting is
that, it may lead to overfitting. The performance may seem to be enhanced however this could be
rendered to the over-generalization based on the training dataset.161 Therefore, by a consensus
voting approach, we were able to eliminate most of the probable causes affecting model
performance, eliminating any algorithmic biasness. Each instance in the dataset was a proteinligand complex such as F877L-Enzalutamide, F877L-Bicalutamide etc. The responses predicted
by individual algorithms for all instances were populated and the response, inferred by the
majority of algorithms was considered as the final response value.
3.3.3

Statistical accuracy of QSAR predictions

The statistical parameters of sensitivity, specificity, PPV etc. indicate the performance of a
QSAR model. The relevance and significance of the predictions generated by QSAR models
largely depend on how accurately they were identified and validated.
In order to validate the agonist-antagonist QSAR model, the 10-fold cross-validation approach
employed, provide significantly high measures of sensitivity, specificity, PPV and overall
accuracy (as shown in Table 3.6). High sensitivity and specificity measures indicate accurate
assessment of both agonist and antagonist responses. The overall accuracy was over 82% for all
different QSAR models operated upon for model development.
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S.
No.
1
2
3
4
5
6

Bagging
Dagging
DecisionStump
IBk
LibSVM
OneR

0.86
0.75
0.90
0.79
0.86
0.86

0.87
0.93
0.90
0.87
0.90
0.83

0.90
0.95
0.93
0.91
0.93
0.90

86.90%
82.14%
86.90%
82.14%
88.09%
85.71%

0.89
0.89
0.82
0.85
0.88
0.85

7

RandomForest

0.86

0.87

0.92

86.90%

0.87

Algorithms

Sensitivity Specificity PPV Accuracy

AUC of ROC

Table 3.6: Performance statistics of QSAR classification models

Additionally, the receiver operating characteristic (ROC) curves compared sensitivity (TPR) vs
1-specificity (FPR) across the range of predicted outcomes (See Figure 3.5 ) across a range of
threshold values ranging between 0 and 1. Initially, the outcomes were analyzed when the
threshold for finding true positives was set as 0 in this case all the instances were predicted as
positives until gradually increasing the value till 1, to rigorously evaluate each of the different
classifiers performance at varying threshold values. The ClassifierPerformanceEvaluator module
of WEKA’s KnowledgeFlow suite was used to evaluate the performance of the training
dataset.108 The area under the ROC curve, gives a measure of the model’s performance.
Approximately 85% of the area was covered under the ROC curve, which exemplifies an
effective measure of accuracy that can be considered to obtain meaningful interpretations of the
predicted responses.9 A consensus voting approach was applied for the predictions, to enhance
the accuracy.
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Figure 3.5: Over 85% of area under the ROC curve, demonstrates the high diagnostic ability, effectively
discriminating true positives from the false positives

3.3.4

Applicability domain assessment

The descriptor space for both train and test sets was evaluated between the minimum and
maximum descriptor values (± 15%). The selection of the ±15% threshold reflects the standard
error value that is used for leverage based applicability domain assessment.

100

The presumption

of this procedure is that predictive accuracy for those instances that lie within the range of
descriptor values (± 15%) tend to be higher compared to those that are beyond the permissible
threshold. The values for the 5 molecular descriptors that were used for QSAR model building
were well within the applicability domain. In Figure 3.6, red arcs represent the spread of the test
set values, which are within the range of the training set values (green arcs) ± 15%. The
minimum values have been shown in boxes on the left and maximum values in the boxes on the
right.
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r_i_glide_emodel
-67.13 ± 15%

52.61 ± 15%

R_Csp3-L_Nsp3
3.12 ± 15%

9.84 ± 15%

R_Csp2-L_Nsp3
1.04 ± 15%

3.29 ± 15%

R_Osp3-L_Nsp3
0.06 ± 15%

0.41 ± 15%

R_Osp2-L_Nsp3
1.09 ± 15%

3.43 ± 15%

Figure 3.6: Applicability domain assessment of molecular descriptor values, utilized in QSAR modeling.
Red arcs represent the spread of the Test set values, which are within the range of the Training set values
(Green arcs) ± 15%.
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3.3.5

Predicted mutants

Upon consensus voting of the QSAR model predictions for the test-set, a total of 12 mutants
were predicted to produce an agonist effect against the currently used anti-androgens.

S. No. Mutant
1
2
3
4
5
6
7
8
9
10
11
12

R753H
L874N
F877A
F877G
R753P
R753S
F765G
T878G
F765Q
L705W
T878V
F877T

Table 3.7: AR-LBD mutants predicted to yield an agonist response towards anti-androgens

The 12 mutants shown in Table 3.7 were experimentally created and tested (by the procedure
described in Section 2.6) for their biological activation using a R1881 stimulus followed by
evaluation of their response to the anti-androgens. Unfortunately, 9 of these mutants were
transcriptionally inactive and no biological activity whatsoever. This was an interesting finding,
since modification in those residues that help in the binding of anti-androgens results in
structural disruption of AR making it non-viable for survival.
For instance, molecular docking shows that the benzene ring of the residue F765 plays an
instrumental role in harboring the anti-androgens within the ABS pocket. When this residue was
substituted by a much smaller residue such as glycine, it resulted in complete structural
disruption.
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This information could not be captured even through MD simulation production runs which
initially were of 10 ns. However computationally expensive, longer MD production runs could
provide better estimation of the receptor’s stability in its native environment and overall system
equilibrium. The production run duration was increased up to 25 ns. Two mutants F877G and
F877T exhibited biological activity but with a very low signal intensity and hence, could not be
further investigated. The mutant T878G was biologically viable and initial experiments showed
the activation by DHT.
3.4

Molecular dynamics simulations analysis

The major objective of performing MD simulations was to ascertain the binding fitness of the
ligand and more importantly, the stability of the receptor structure. Additionally, contact
frequency analysis provided a retrospective outlook of interaction modifications that could
potentially explain observed biological activity. The MD simulations were carried out on
Westgrid’s high performance computing cluster (HPCC). This involved several steps as
described in Section 2.5.
The energy equilibrated structures offer comprehension of the modifications the receptor-ligand
complex undergoes when subjected to physical conditions of changed pressure, heat and
solvation. The digression from the rigid structure obtained from molecular docking denotes the
flexibility of the receptor structure, as well as the altered binding conformations of the ligand.
The modified thermodynamic properties calculated during the simulations can be correlated to
the biological activity such as agonist.

65

3.4.1

Protein structural stability evaluation

The equilibrium of the receptor – ligand system was analyzed through RMSD calculations. The
RMSD between the initial and equilibrated structures was computed. The time duration of the
MD simulation i.e. 25 ns has been shown on x-axis of the RMSD graph in Figure 3.7 and RMSD
in Å has been shown on y-axis. The equilibrium fluctuations can be seen as different on modes
on the graph, these fluctuations reach a constant value when the system has been equilibrated,
denoted by minor RMSD differences. The steady state values attained during the simulation
indicate the stability.162 The fluctuations correspond to the flexibility and induced fit changes of
ligand binding within the protein pocket, when the system is exposed to ambient conditions.83
For the wild-type (WT) AR- Enzalutamide complex, the average RMSD for the backbone was
calculated as 1.16 Å in reference to initial docked structure, whereas for the Enzalutamide
molecule the RMSD was 1.87 Å. The equilibrated structure validates the obtained docking pose,
through its consistency throughout the simulation time. Also, the ligand molecule did not escape
the binding pocket upon solvent exposure. The different WT complexes as with DHT,
Enzalutamide etc. followed a very stable trajectory with no large deviations. The binding poses
of the ligands remained unchanged as well as their alignment within the pocket was consistent,
that validates the docked poses obtained. (See Figure 3.7)
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Figure 3.7: Structural stability of the WT AR - Enzalutamide complex illustrated through a stable trajectory
obtained for 25ns MD simulation

On the other hand, for the double mutant F877L/T878A-Enzalutamide complex exhibited a
dissimilar case as compared to the WT- Enzalutamide system. A large deviation from the initial
docked pose could be observed in the obtained MD trajectory. This modification corresponds to
the altered conformation of Enzalutamide binding (RMSD 2.45 Å) within the ABS pocket of the
mutant, during the course of the production run. Enzalutamide undergoes a conformational
change at 17.4 ns during the equilibration run. The conformation change of Enzalutamide can
also be a plausible explanation of the biological response observed in case of this double mutant
which is agonized by Enzalutamide opposite to the anticipated outcome. (See Figure 3.8)
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Figure 3.8: F877L/T878A - Enzalutamide complex trajectory obtained upon 25ns MD simulation

Table 3.8 enlists some of the RMSD calculated for AR- ligand complexes.
S. No.

Complex

Backbone (Å)

Ligand (Å)

1.

WT-DHT

1.35

1.42

2.

WT-Enzalutamide

1.16

1.87

3.

F877L-Enzalutamide

1.24

1.42

4.

T878A-Enzalutamide

1.11

1.13

5.

F877L/T878A-Enzalutamide

1.15

2.45

Table 3.8: RMSD comparison between initial docked structures and energy equilibrated MD structures

3.4.2

Contact frequency analysis

The contact frequency analysis, for the F877L/T878A Enzalutamide complex evaluates the
frequency statistics for the contacts maintained between the receptor and the ligand over the 25
ns simulation time. The consistency of the initial contacts, generated through molecular docking
and their changes over the course of MD run, can provide insights into how the ligand-receptor
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interaction can vary. One of the most critical contacts was the backbone interaction of L705 with
the ligand molecule that was consistent through 2498 of the 2500 simulation steps (99.92%).
This interaction alongwith the A878 (99.6%) and F892 (94.16%) indicate Enzalutamide’s
binding in an agonist conformation yielding the corresponding response. (See Figure 3.9)

Figure 3.9: Contact frequency analysis of F877L/T878A - Enzalutamide complex

3.5

In-silico evaluation of ODM-201 ─ AR mutant responses

To test the robustness and applicability of the developed methodology, the models were tested
against an independent dataset. This section of the study aims at predicting the effect of ODM201 on the previously reported panel of AR mutants in order to classify the drug-mutant
responses as agonist or antagonist. ODM-201 is an anti-androgen that targets the AR pathway,
currently under clinical trials.163
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The panel of 24 mutants along with the WT was docked with ODM-201. A methodology, similar
to the pipeline described in Figure 2.2 was employed for this study. The accuracy of the QSAR
models for the above described dataset was 72% (73% upon addition of mutant T878G to the test
dataset). Importantly, ODM-201 was not used in model training. The computational predictions
were established before the availability of experimental results, that illustrates the high
predicting power of our approach. Analysis of a blinded independent test represents the
applicability of the methodology and unbiased predictions.
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Chapter 4: T878G mutant agonizes anti-androgens
The T878G mutant was predicted to yield agonist response to the anti-androgens: Bicalutamide,
Enzalutamide and Hydroxyflutamide.9 (Figure 4.1)

Figure 4.1: Bicalutamide, Enzalutamide and Hydroxyflutamide bound to ABS of T878G mutant

4.1

Structural analysis of T878G ─ ligand interactions

With no prior information or knowledge about the T878G mutant, one critical fact to be
established was the biological viability of this mutant, predicted to be stable and biologically
active through in-silico modeling. Therefore, interaction between T878G and DHT was explored.
Molecular docking revealed that the DHT binds well within the hydrophobic ABS pocket, with a
Glide XP docking score of -8.92 kcal/mol. The structural model shows that DHT binds in its
native agonist conformation as seen in most of the AR mutants as well as the wild-type with the
backbone of L874 interacting with the hydroxyl group. (See Figure 4.2)
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Figure 4.2: T878G mutant activated by DHT, H-bond formation with L874 residue

In terms of anti-androgen binding, Bicalutamide was found to attain a binding conformation
similar to the T878G-DHT modeled structure. Despite of a higher molecular weight and greater
molecular structural complexity compared to DHT, it further slides down into the ABS pocket;
the docking score obtained was -12.10 kcal/mol. The two benzene rings of Bicalutamide stack
over the benzene rings of residues F765, F892 and W742. The resultant π-π interactions can
potentially explain the sustenance of agonist binding conformation of Bicalutamide within the
ABS pocket, in addition to the sidechain H-bond interaction with N706. (See Figure 4.3)
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Figure 4.3: Bicalutamide interacts with the T878G ABS pocket through π-π stacking interactions with
benzene rings of F892, W742, F765 and H-Bond interaction with N706 sidechain and backbone of L705

Figure 4.4: Enzalutamide interacts with the T878G mutant pocket by H-bond formation with G878 and π-π
stacking interactions between the benzene rings of F765 and F892
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On the other hand, Enzalutamide interacts with the T878G mutant by Hydrogen bond formation
with the backbone of G878 residue. The residue 878 (T in the Wild-type) is not involved in any
kind of direct interaction with the WT receptor. This can be linked to the predicted and
experimentally observed agonist response, distinct from the WT. Similar to Bicalutamide, π-π
stacking interactions with F765 and F892 potentially stabilize the agonist binding conformation
of Enzalutamide aligned inside the ABS pocket. (See Figure 4.5) Apart from the aforementioned
interactions, the H-bond formation between G878 and amide moiety was unique to this mutant.
The residue 878 in the WT receptor does not interact with Enzalutamide unlike the T878G
receptor. (See Figure 4.4) Also, Enzalutamide binds into the ABS in an agonist conformation
that indicates towards agonist response characterization.

Figure 4.5: Enzalutamide bound to T878G ABS, benzene rings of F892 and F765 interact through T-shaped
π-π stacking with a and b rings of Enzalutamide

Hydroxyflutamide weighs about 292.21 g/mol very similar to the native ABS pocket ligand,
DHT (290.44 g/mol). The size and weight of this anti-androgen can be one of the reasons it
aligns itself in an agonist-like conformation within the T878G- ABS pocket. A π-π stacking
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interaction with the benzene ring of F765 residue was seen with the phenyl propanamide moiety.
(See Figure 4.6) An agonist response was predicted for Hydroxyflutamide-T878G interaction.

Figure 4.6: Hydroxyflutamide interacting with the T878G mutant ABS pocket through H-bonding with L705
backbone and sidechain of N706, also is seen a π-π stacking interaction with benzene ring of F765

4.2

Descriptor value correlation of T878G ─ anti-androgen complexes

As observed in case of H875Y mutant descriptor values complexed with different antiandrogens, the T878G mutant was no exception. Hydroxyflutamide poses least amount of steric
hindrance, allowing greater mobility within the pocket in contrast to Enzalutamide. As shown in
Figure 4.4, Enzalutamide interacts via H-bond formation with the G878 residue, a larger amount
of steric interaction value can be seen between them. A biological behavioral scenario similar to
the H875Y mutant can be expected, where Hydroxyflutamide acts as a complete agonist failing
to inhibit cell growth. (Table 4.1)
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Bicalutamide

208.26

61.83

0.39

11.86

R_Nsp2-LNsp
1.07

Enzalutamide

231.75

68.67

0.65

11.76

1.03

Agonist

Hydroxyflutamide

139.23

41.47

0.21

8.93

0.00

Agonist

T878G

Rs_L_R Abs_Rs_L_R

878 Rs_AA_L

R_Csp3-L_Fsp3

Predicted
response
Agonist

Table 4.1: Descriptor value correlation with predicted biological response for mutant T878G

4.3

Predicted and experimental biological responses

The mutant T878G was biologically stable and viable. Consensus voting results among the
QSAR model predictions were ascertained as predicted activities for the mutant-ligand
complexes. The predicted responses were then experimentally tested. The experimental
biological activity aligns completely with the predicted response, as shown in Table 4.2.
S. No.

Molecule

Predicted activity Experimental activity

1.

DHT

+1

+1

2.

Hydroxyflutamide

+1

+1

3.

Bicalutamide

+1

+1

4.

Enzalutamide

+1

+1

5.

ODM-201

-1

-1

Table 4.2: Predicted and experimental biological responses of T878G mutant to DHT and anti-androgens

4.4

MD simulations analysis of T878G ─ anti-androgen complexes

Given that no prior information about the mutant T878G was available, hence, molecular
dynamics simulations aided the better understanding of the structural parameters that are
involved in the biological response characterization.
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4.4.1

RMSD analysis determines structural stability

The structural stability was evaluated through RMSD analysis of the MD trajectory generated
after 25 ns simulation which was compared to the initial docking conformation of the receptor
and the ligand. RMSD analysis of the T878G-Enzalutamide complex confirmed no significant
changes in the initial binding conformation. The equilibrated structures were consistent with the
initially obtained docked poses, indicated through low RMSD fluctuations.

S.No.

Complex

Backbone (Å) Ligand (Å)

1.

T878G-Enzalutamide

1.11

1.90

2.

T878G-Hydroxyflutamide

1.30

1.58

3.

T878G-Bicalutamide

1.05

1.34

4.

T878G-DHT

1.15

1.24

Table 4.3: RMSD comparison between initial docked and energy equilibrated structures

Enzalutamide binds within the T878G mutant ABS pocket in an agonist-like conformation, the
average RMSD was calculated as 1.90 Å for the 25 ns equilibration run. (See Table 4.3) The
trajectories obtained for the T878G backbone and Enzalutamide show that there were no major
alterations in the structure when subjected to ambient conditions of temperature and pressure.
Furthermore, apart from the consistency with the docked structure, Enzalutamide remained
bound to the ABS of the mutant pocket.
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Figure 4.7: Stable trajectory obtained for T878G receptor - Enzalutamide complex

Similar trend could be seen in case of the T878G-Bicalutamide complex where minimal
transformations between the initial and final MD structures were observed, represented through
stable trajectory. (See Figure 4.8) However, fluctuations were seen in case of the Bicalutamide
molecule, which correspond to the flexibility and induced fit effect. The change in RMSD was
consistently low 1.34 Å for the Bicalutamide molecule and 1.05 Å for the T878G receptor
backbone. As compared to the initial structure, the fluctuation in the equilibrated structures may
be due to induced fit effect or flexibility of the protein structure; but nothing major can be
concluded since this difference is not major.
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Figure 4.8: RMSD analysis of T878G-Bicalutamide complex

However, in the T878G-Hydroxyflutamide complex, with the ligand molecule being smaller in
size compared to Bicalutamide and Enzalutamide, greater fluctuations in the resultant RMSD
were observed in both the receptor and the ligand molecule. Hydroxyflutamide did not escape
the ABS pocket stabilized within the binding site, after initial conformational changes observed
around 12.5 ns down the 25 ns production run. (Figure 4.9) The RMSD measured between the
initial docked and equilibrated structure of the T878G receptor was 1.30 Å and 1.58 Å for
Hydroxyflutamide, respectively. The receptor structure is highly flexible with the presence of
loops, which may be contributing to the overall change in the RMSD. However upon evaluating
the ABS pocket of the T878G mutant bound to Hydroxyflutamide no major alterations were
observed in the MD trajectory.
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Figure 4.9: RMSD analysis of T878G-Hydroxyflutamide complex

Figure 4.10: No major alterations seen in the MD trajectory of Hydroxyflutamide bound T87G mutant ABS
pocket

4.4.2

Contact frequency analysis of T878G ─ anti-androgen complexes

The contact frequency analysis of the T878G-Enzalutamide complex supports the initial contacts
that were obtained after molecular docking. Consistent contacts were observed with residues
L705 (100%), N706 (100%), L708 (100%), F765 (99.80%), G878 (99.32%), F892 (97.72%) and
80

M896 (93.08%). This not only validates the docking pose, but also indicates the key amino acid
residues which are critically important for ligand binding and structural integrity of the receptor.
Upon modification of key residues such as the F765 or L705, the receptors were structurally
denatured, and were not biologically viable. Certain, new contacts were also observed during the
MD simulation run, to obtain more conclusive results longer production runs would be required.
(Figure 4.11)

Figure 4.11: Contact frequency comparison for T878G-Enzalutamide complex

4.5

Experimental evaluation of the T878G mutant response to anti-androgens

In order to validate the in silico predictions, the response of T878G mutant to anti-androgens was
evaluated experimentally using a luciferase reporter transcription assay. PC3 human prostate
cancer cells lacking the endogenous AR were transiently transfected with either wild-type or
T878G mutated AR.9 Cells were stimulated with the non-metabolizable androgen R1881 and
then treated with the increasing concentrations of Enzalutamide, Hydroxyflutamide or
Bicalutamide. The activation of the T878G mutant was normalized to the WT shown in (%)
along the y-axis. (See Figure 4.12) The concentrations used to study the inhibition range between
0 and 50 µM, shown on x-axis. For Enzalutamide (Figure 4.12 A), an initial inhibition of T878G
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was observed however, at higher concentrations (16 µM), the receptor was activated by the antiandrogen, eliciting an agonist response. Hydroxyflutamide on the other hand, yielded an agonist
response even at concentrations as low as 7.6 x 10-3 µM only to activate the receptor up to four
times (400%) as compared to the WT at 50 µM concentration. (Figure 4.12 B) Similarly,
Bicalutamide showed initial activation of the T878G receptor at low concentrations gradually
inhibiting the growth but activating the receptor at higher concentrations (16.66 – 50 µM range).
(See Figure 4.12 C)As predicted T878G mutant showed an agonist response in presence of the 3
evaluated drugs.

Figure 4.12: The response of T878G mutant to Enzalutamide, Hydroxyflutamide, and Bicalutamide, in an in
vitro cell-based assay. Each concentration was assayed in quadruplicate n = 4, with a biological replicate of n
= 2.
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4.6

ODM-201 is ‘effective’ against the T878G mutant

ODM-201 bound distinctively to T878G receptor as compared to other anti-androgens. With no
model available, to compare the binding of the ligand molecule, MD simulations were performed
to evaluate the predicted docking pose. A stable trajectory was obtained for the T878G pocket in
the T878G-ODM complex, with RMSD measured as 0.63 Å. However, due to the presence of
various rotatable bonds, and moieties in the ODM-201 structure, the molecular flexibility was
taken into account and the RMSD was measured as 1.99 Å between the docked and equilibrated
structure.

Figure 4.13: Stable trajectory of the T878G pocket bound to ODM-201

ODM-201 was predicted to yield the anticipated antagonist response. The T878G receptor upon
stimulation with a non-metabolizable androgen R1881 showed no initial activation by ODM201. With slight increase in the concentration (7.6 x 10-3 µM), ODM-201 yielded the predicted
response of antagonism, inhibiting the growth of the T878G mutant. Complete inhibition was
achieved at a concentration as low as 1.85 µM. Thus, the experimental testing confirmed the
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predicted response, inhibiting the cell growth in case of T878G mutant upon treatment with
ODM-201. )

Figure 4.14: ODM-201 yields antagonist response towards T878G mutant

84

Chapter 5: Conclusions
5.1

Summary of the study

The importance of a prognostic platform for the treatment management of CRPC patients cannot
be underestimated. PCa patients can suffer due to inadequacy of treatment response information.
With the help of the developed pipeline the prediction and experimental characterization of
therapeutic response to various AR mutants was accomplished. The amalgamation of
cheminformatics approach with biological testing provided higher speed and efficiency in
determining novel AR mutants, which otherwise would be a tedious experimental exercise to
create all mutants and test their behavior.
The evidence-based methodology developed through this study could potentially help identifying
distinct AR-LBD mutants drug response profiles. Identification of mutants can broaden the
ligand specificity of novel treatment options being developed that target the AR pathway for PCa
treatment. The resistance to currently used anti-androgens results in adverse clinical effects. AR
mutants have been reported to exhibit enhanced activation by anti-androgens accompanied by
elevated sensitivity to DHT stimulation as well as to other steroids. This study accomplished the
identification of a previously uncharacterized mutant T878G, computational prediction and
experimental verification of the drug responses. Patients need to be monitored for this mutant,
and suggestive recommendations could be made depending upon the obtained behavioral drug
profiles. This study was extended to characterizing therapeutic responses to experimental antiandrogens such as ODM-201, whose response to the panel of AR mutants was unexplored at the
time of in-silico analyses. Rigorous exploratory data analysis guides the pipeline to generate
therapeutic response predictions for anti-androgens that were not a part of the training dataset.
This opens up an avenue for characterizing the responses to other chemical agents and molecules
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that target the ABS to achieve AR inhibition for prostate cancer treatment. Furthermore, this
approach helps to bypass the time consuming experimental testing of all the possible mutant
cases, narrowing down to only a handful. This could save both computational and experimental
resources in addition to faster, more accurate mutant ─ drug response characterization.
5.2

Novel mutants predicted

The characterization T878G mutant’s biological response improves our understanding of how
the substitution of one amino acid residue by another may entirely alter the biological response
to anti-androgens. The substitution of threonine by glycine exposes the amino acid backbone,
resulting in elevated levels of protein ─ ligand interactions. This can be ascribed to the biological
response predicted and experimentally validated.
Interestingly, if the T878G mutant appears alongside a previous mutation such as the H875Y; a
strong agonist response has been predicted by the QSAR models. This apparently would be the
case since the H875Y mutated AR yields strong agonist responses to all 3 anti-androgens. With
another mutated residue within the AR, we would expect the response to be stronger (complete
agonist, in this case) than a single point mutation in the AR. Anti-androgens have been shown to
ineffective at large against the dual point mutants such as the F877L/T878A, H875Y/T878A etc.
Furthermore, this pipeline could also predict that the experimental anti-androgen ODM-201 is
effective generating antagonist response against the T878G mutant. This prediction was
experimentally validated.
A prognostic approach could therefore provide recommendations for the clinicians aiming
towards better, personalized management of CRPC patients. 9 other mutants have also been
predicted which remain to be experimentally tested for their therapeutic responses.
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5.3

Importance of drug response characterization and future scope

In this study, the pipeline focused towards characterizing the response of unknown mutants
towards currently used anti-androgens based on the knowledge extracted from the previously
known AR mutant-drug response characterization experiment. It has been successfully
implemented to characterize the response another experimental anti-androgen (ODM-201) which
was not a part of the training dataset. The in-silico engineering of the mutants as well as response
characterization is critical for saving time and experimental resources, as the experimental
creation and evaluation of a single mutant takes approximately 4 weeks ideally. This an intensive
exercise involving creation of mutant constructs, transfection into cells, stimulation and
inhibition characterization. As for this study, each inhibition concentration was assayed in
quadruplicate (n = 4), with a biological replicate of (n = 2). This pipeline can further be extended
into various dedicated workflows by addition of more biological end points, continuous
variables, anti-androgens, and new mutants etc. which can accelerate and strengthen the potential
applicability of the developed methodology.
This approach can also help improve our understanding of broadened ligand specificity to
various identified mutations, which could be translated into a foreground for the creation of
novel, more potent anti-androgens with no or minimal cross-resistance.
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Appendices

Appendix A QSAR modeling dataset
The QSAR modeling dataset was based upon the following mutant─ anti-androgen activity class
assignments where +1 is Agonist and -1 Antagonist.
S.No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Mutant
L702H
V716M
V731M
W742L
W742C
H875Y
H875Q
F877L
T878A
T878S
D880E
L882I
S889G
D891H
E894K
M896V
M896T
E898G
T919S
T878A/S889G
T878A/D891H
F877L/T878A
H875Y/T878A
H875Q/T919S
WT

DHT
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1

ARN-509

-1
-1
-1
-1
-1
+1
-1
+1
+1
+1
-1
-1
+1
-1
-1
-1
-1
-1
-1
+1
+1
+1
+1
-1
-1

Bicalutamide
+1
+1
+1
+1
+1
+1
+1
-1
+1
+1
-1
+1
+1
+1
+1
+1
+1
-1
+1
+1
+1
+1
+1
+1
+1

Enzalutamide
-1
-1
-1
-1
-1
+1
-1
+1
+1
+1
-1
-1
-1
-1
-1
-1
-1
-1
-1
+1
+1
+1
+1
-1
-1

Hydroxyflutamide
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
+1
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Appendix B List of 225 attributes screened for importance by Boruta
In Figures 3.2 and 3.3, the attributes have been hidden due to space restriction. Each of the
markers for the figures on the x-axis represents 1 attribute. They have been listed below, in the
direction LEFT to RIGHT on the figures.

No.

Attributes

1

r_glide_res.765_Eint

2

r_glide_res.746_dist

3

R_Nsp3.L_Osp2

4

r_glide_res.876_Eint

5

r_glide_res.750_Eint

6

r_glide_res.750_dist

7

r_glide_res.871_dist

8

r_i_docking_score

9

r_glide_res.711_dist

10

r_glide_res.704_Eint

11

r_i_glide_einternal

12

R_Nsp3.L_Nsp

13

r_glide_res.904_Eint

14

r_glide_res.875_Eint

15

r_glide_res.779_dist

16

r_glide_res.702_dist

17

r_glide_res.743_Eint

18

R_Nsp2.L_Osp2

19

r_glide_res.784_dist
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20

R_Csp3.L_Nsp2

21

R_Osp3.L_Nsp2

22

R_Nsp2.L_Nsp2

23

R_Ssp3.L_Nsp2

24

r_glide_res.765_dist

25

r_i_glide_rmsd_to_input

26

r_glide_res.703_dist

27

r_glide_res.701_dist

28

r_glide_res.781_Eint

29

R_Csp2.L_Nsp2

30

R_Osp2.L_Nsp2

31

R_Nsp3.L_Nsp2

32

R_Nsp3.L_Csp

33

r_glide_res.874_dist

34

X878.Sigma_AA_L

35

r_glide_res.708_Eint

36

r_glide_res.788_Eint

37

R_Nsp2.L_Fsp3

38

R_Ssp3.L_Fsp3

39

r_glide_res.788_dist

40

r_glide_res.711_Eint

41

r_glide_res.705_dist

42

r_glide_res.896_Eint

43

X891.Rs_AA_L

44

r_glide_res.771_dist

45

r_glide_res.742_dist
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46

R_Csp2.L_Csp

47

r_glide_res.877_dist

48

R_Osp2.L_Fsp3

49

r_glide_res.707_Eint

50

r_glide_res.881_Eint

51

X731.Sigma_AA_L

52

R_Ssp3.L_Osp2

53

R_Ssp3.L_Ssp2

54

r_glide_res.702_Eint

55

R_Csp2.L_Fsp3

56

r_glide_res.701_Eint

57

r_glide_res.708_dist

58

r_i_glide_evdw

59

R_Ssp3.L_Nsp

60

X891.Abs_Rs_AA_L

61

r_glide_res.896_dist

62

R_Nsp2.L_Ssp2

63

X877.878.Sigma_AA_L

64

r_glide_res.877_Eint

65

r_glide_res.769_dist

66

r_glide_res.706_dist

67

X702.Sigma_AA_L

68

R_Nsp3.L_Fsp3

69

r_i_glide_energy

70

r_glide_res.712_dist

71

r_glide_res.707_dist
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72

X878.891.Sigma_AA_L

73

X896.Sigma_AA_L

74

r_glide_res.881_dist

75

R_Csp3.L_Ssp2

76

R_Csp2.L_Osp2

77

X878.889.Sigma_AA_L

78

r_glide_res.742_Eint

79

X877.878.Rs_AA_L

80

R_Osp2.L_Ssp2

81

X878.Rs_AA_L

82

r_glide_res.710_Eint

83

X742.Sigma_AA_L

84

r_glide_res.876_dist

85

X889.Sigma_AA_L

86

X878.889.Rs_AA_L

87

R_Osp3.L_Nsp

88

r_glide_res.712_Eint

89

r_glide_res.892_dist

90

R_Csp2.L_Ssp2

91

r_glide_res.870_dist

92

Sigma_L_R

93

R_Csp2.L_Nsp

94

R_Osp2.L_Osp2

95

X880.Sigma_AA_L

96

X702.Abs_Rs_AA_L

97

r_glide_res.899_dist
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98

X716.Sigma_AA_L

99

r_glide_res.705_Eint

100

r_glide_res.747_Eint

101

R_Csp3.L_Osp2

102

r_glide_res.703_Eint

103

X877.Sigma_AA_L

104

X880.Abs_Rs_AA_L

105

r_glide_res.879_dist

106

X894.Sigma_AA_L

107

r_glide_res.713_dist

108

R_Osp2.L_Csp

109

X889.Rs_AA_L

110

R_Csp3.L_Osp3

111

X877.Rs_AA_L

112

r_glide_res.874_Eint

113

r_glide_res.704_dist

114

r_glide_res.893_Eint

115

r_glide_res.873_Eint

116

r_i_glide_ligand_efficiency_ln

117

R_Csp3.L_Fsp3

118

R_Nsp2.L_Osp3

119

R_Ssp3.L_Osp3

120

r_glide_res.784_Eint

121

r_i_glide_ecoul

122

R_Osp2.L_Nsp

123

r_glide_res.769_Eint
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124

r_glide_res.771_Eint

125

R_Nsp2.L_Csp

126

X898.Sigma_AA_L

127

X875.Rs_AA_L

128

R_Ssp3.L_Csp3

129

r_glide_res.747_dist

130

r_glide_res.709_dist

131

R_Osp2.L_Osp3

132

X891.Sigma_AA_L

133

R_Nsp3.L_Csp3

134

r_glide_res.875_dist

135

X880.Rs_AA_L

136

R_Osp3.L_Ssp2

137

R_Nsp2.L_Ssp3

138

X878.891.Rs_AA_L

139

R_Nsp3.L_Csp2

140

R_Osp3.L_Ssp3

141

R_Nsp2.L_Csp3

142

R_Ssp3.L_Csp

143

r_glide_res.710_dist

144

R_Nsp3.L_Osp3

145

R_Csp2.L_Osp3

146

R_Nsp3.L_Nsp3

147

r_glide_res.904_dist

148

R_Ssp3.L_Ssp3

149

X875.Abs_Rs_AA_L
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150

X878.Abs_Rs_AA_L

151

R_Osp2.L_Ssp3

152

Q_L_R

153

R_Csp2.L_Ssp3

154

R_Osp3.L_Csp

155

r_glide_res.706_Eint

156

R_Csp3.L_Ssp3

157

R_Osp3.L_Osp3

158

r_glide_res.900_Eint

159

r_glide_res.878_Eint

160

r_i_glide_ligand_efficiency

161

r_glide_res.900_dist

162

r_glide_res.781_dist

163

r_glide_res.744_Eint

164

X889.Abs_Rs_AA_L

165

X878.891.Abs_Rs_AA_L

166

R_Nsp3.L_Ssp3

167

X702.Rs_AA_L

168

R_Osp3.L_Osp2

169

r_glide_res.744_dist

170

R_Csp3.L_Csp3

171

R_Osp2.L_Csp3

172

R_Csp2.L_Csp3

173

Abs_Rs_L_R

174

Rs_L_R

175

r_glide_res.892_Eint
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176

r_glide_res.899_Eint

177

X877.878.Abs_Rs_AA_L

178

r_glide_res.893_dist

179

X878.889.Abs_Rs_AA_L

180

r_glide_res.713_Eint

181

R_Nsp2.L_Csp2

182

R_Ssp3.L_Csp2

183

r_glide_res.743_dist

184

R_Nsp2.L_Nsp

185

X898.Rs_AA_L

186

X875.Sigma_AA_L

187

r_glide_res.709_Eint

188

R_Csp3.L_Csp

189

R_Csp3.L_Csp2

190

X894.Rs_AA_L

191

r_glide_res.879_Eint

192

X877.Abs_Rs_AA_L

193

R_Csp3.L_Nsp

194

X882.Abs_Rs_AA_L

195

r_glide_res.873_dist

196

r_glide_res.746_Eint

197

X882.Rs_AA_L

198

R_Nsp2.L_Nsp3

199

X882.Sigma_AA_L

200

R_Csp2.L_Csp2

201

X898.Abs_Rs_AA_L
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202

R_Osp3.L_Csp3

203

R_Ssp3.L_Nsp3

204

r_glide_res.878_dist

205

r_glide_res.779_Eint

206

R_Osp2.L_Csp2

207

X894.Abs_Rs_AA_L

208

R_Csp3.L_Nsp3

209

r_glide_res.870_Eint

210

R_Nsp3.L_Ssp2

211

X716.Abs_Rs_AA_L

212

X742.Abs_Rs_AA_L

213

r_glide_res.871_Eint

214

r_i_glide_emodel

215

R_Csp2.L_Nsp3

216

R_Osp3.L_Fsp3

217

X731.Abs_Rs_AA_L

218

X742.Rs_AA_L

219

R_Osp2.L_Nsp3

220

X731.Rs_AA_L

221

R_Osp3.L_Csp2

222

R_Osp3.L_Nsp3

223

X896.Rs_AA_L

224

X716.Rs_AA_L

225

X896.Abs_Rs_AA_L
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