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ABSTRACT

MODELING THE BINDING OF INHIBITORS/DRUGS TO THE SEROTONIN

TRANSPORTER

By
Kalyan Immadisetty

May 2015

Dissertation supervised by Dr. Jeffry D. Madura

Human serotonin transporter (hSERT), a membrane protein from the
neurotransmitter sodium symporter family, is implicated in depression disorder and has
been the primary target of antidepressant discovery research for several decades. Since
the currently available antidepressants may cause adverse effects and have several
limitations, novel drugs are highly desired. However, the efforts to develop better
therapeutics are hampered by the lack of a crystal structure of hSERT. Knowledge of the
binding site of the drug and its orientation in the protein is crucial in structure-based drug
discovery. We employed a novel computational protocol comprised of active site
detection, docking, scoring, molecular dynamics simulations, and absolute binding free
energy (ABFE) calculations to elucidate the binding site and the binding mode of a dual

hSERT/5HT-1A blocker SSA-426 and our in-house hSERT inhibitor DJLDU-3-79 in
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hSERT. Through this approach, we propose that both of these inhibitors bind in the S1
pocket of hSERT and in a similar orientation. This disproves the earlier hypothesis that
both these inhibitors bind in the S2 site; however, we are in agreement with the earlier
hypothesis that both of the ligands orient similarly. Further, we resolved the ambiguity in
binding energies and binding trends of the tricyclic antidepressant drugs clomipramine,
imipramine, and desipramine with leucine transporter (LeuT) (a bacterial homologue of
hSERT) through relative binding free energy (RBFE) calculations. Based on our RBFE
results, we proposed that clomipramine should have the highest affinity for LeuT,
followed by imipramine and desipramine. Finally, to achieve accuracy in binding energy
estimations and to perform all CHARMM simulations, we developed CHARMM general

force field parameters (CGenFF) for fifteen monoamine transporter ligands.
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1. CHAPTER 1

A REVIEW OF MONOAMINE TRANSPORTER-LIGAND

INTERACTIONS

1.1. Introduction
Monoamine neurotransmitters serotonin (5-HT), dopamine (DA), and norepinephrine
(NE) present in the central nervous system (CNS) control several functions such as mood,
appetite, sleep, sexual desire, memory, aggression and learning [1-6]. Functions of the
three monoamines are regulated by the respective transporters (MATs): the human
serotonin transporter (hSERT), the human dopamine transporter (hDAT), and the human
norepinephrine transporter (hNET), by reuptake of excess monoamines from the synapse
into the presynaptic nerve terminal, thereby maintaining homeostasis [7-9]. MATs are
integral membrane proteins belonging to the neurotransmitter sodium symporter (NSS)
family, and uses an ion gradient to transport the monoamines against the concentration
gradient [10]. MATs are associated with several mental disorders such as anxiety,
depression, drug addiction, Parkinson’s disease, and schizophrenia [11-14]. Hence,
MATSs are established as important drug targets for the treatment of these mental
disorders (targets for >30 clinically approved drugs). MATs are also target for drugs of
abuse including cocaine, amphetamine, methamphetamine, and
methylenedioxymethamphetamine (MDMA, popularly known as “ecstasy”). Particularly,
hSERT is the primary target for depression treatment. hDAT is the target for

psychostimulants such as cocaine, amphetamine, and methylphenidate [15-18]. Although



to a lesser extent, several antidepressants and cocaine also bind to hDAT and hNET. The
three MATs share a common membrane topology characterized by 12 transmembrane
(TM) helices and intracellular N- and C-termini [7, 19]. The size of the three MATS is
fairly similar (hRSERT, hDAT, and hNET have 630, 617, and 620 residues, respectively).
Despite being important drug targets, little definitive information is known about
the structure, function and pharmacology of MATs until the recent availability of the
Drosophila dopamine transporter (dDAT) crystal structure [20]. Although earlier
biochemical and mutagenesis experiments provided valuable insight into the transporter
topology and secondary structure of the MATSs, it was only after the determination of the
leucine transporter (LeuT) crystal structure in 2005 [21] that real advancement in the
computational research of MATSs has taken place. LeuT is a bacterial protein from
Aquifex aeolicus, belonging to the NSS family as MATSs. LeuT was used as a template to
generate the homology models of MATs [21-23]. LeuT shares only 20-25% sequence
identity with the MATs; still, it has proved as a useful template in addressing the

structural, functional and pharmacological aspects of the MATs [24, 25].

1.1.1. Monoamine transporter inhibitors and their therapeutic applications
Efforts to develop drugs targeting the MATs for the treatment of mood disorders have
increased in the last few decades, with the view that MATs regulate the monoamines in
the synapse and maintain homeostasis. Drugs acting at MATs are used for treating
disorders such as depression, anxiety, attention deficit hyperactivity disorder (ADHD),
and obesity (Table 1.1). The first generation of antidepressants developed targeting

MATs were tricyclic antidepressants (TCAs) (imipramine, clomipramine, and



desipramine) [26]. However, they have off-target actions at G protein-coupled receptors
and cardiac sodium channels, which cause several adverse effects [27]. Drugs acting on
specific targets were next developed. These drugs include selective serotonin reuptake
inhibitors (SSRIs) (fluoxetine, fluvoxamine, citalopram, sertraline, and paroxetine),
selective norepinephrine reuptake inhibitors (NRIs) (reboxetine and atomoxetine), and
selective dopamine reuptake inhibitors (bupropion). SSRIs have very minimal or no
affinity for other targets and improved side effect profiles compared to the TCAs [28].
Although NRIs can be used to treat depression, they are primarily prescribed to treat
ADHD [29]. Later, dual acting inhibitors were developed, which include serotonin and
norepinephrine reuptake inhibitors (SNRIs) (duloxetine and desvenlafaxine), hNET and
hDAT inhibitors (nomifensine). SNRIs display better antidepressant efficacy and faster
onset of action compared to SSRIs [30]. Lately, triple reuptake inhibitors were also
identified (tesofensine) [31]. Drugs targeting hDAT such as amphetamine and its analogs
methylphenidate, dextroamphetamine, dextromethamphetamine, and modafinil are used
to treat ADHD. Inhibitors to treat cocaine addiction (benztropine and analogs) primarily
target hDAT as it is the primary target for cocaine [32]. Bupropion, which is a

hNET/hDAT blocker, is used for nicotine treatment and obesity [33].



Table 1.1. MAT inhibitors classified according to their application.

Antidepressants Drugs of Abuse ADHD

TCA SSRI SNRI NRI DRI NRI/DRI SRI+

Imipramine Fluoxetine Venlafaxine Reboxetine  Bupropion Nomifensine Trazodone Cocaine Amphetamine
Desipramine  Fluvoxamine Duloxetine Atomoxetine Amphetamine ~ Methylphenidate
Clomipramine Paroxetine Milnacipran Mirtazapine MDMA Modafinil
Anmitriptyline Sertraline Desvenlafaxine Viloxazine

Nortriptyline Citalopram Sibutramine

Protriptyline ~ Escitalopram

Butriptyline

Opripramol

Dosulepin

Doxepin

Amoxapine

Loferamine

Compounds approved for depression treatment are only presented in here. SR1+ refers to compounds with hSERT inhibition and

monoamine receptor agonistic or antagonistic effects as well.



Despite the availability of several effective drugs to treat mental disorders, attempts
are still being made to develop novel treatments targeting MATs, because of the
shortcomings associated with the current drugs. For example, currently available
antidepressants have several limitations such as late onset of action and a large fraction of
non-responding patients, along with several side effects like weight gain, sexual
dysfunction, and disturbed sleep. Efforts are launched to develop novel drugs targeted at
MATs with lesser limitations than the current drugs. Several experimental and
computational techniques are being used to identify and optimize the novel lead
compounds targeting the MATs. However, experimental methods, which demand
considerable time, effort, and money, can be complemented using various computational
tools. The entire drug discovery process takes on average 10-15 years to release the drug
into the market. Efficient utilization of computational tools hastens the process of drug
discovery, and also significantly reduces the cost. Computational tools were successfully
utilized in the drug discovery process of several marketed drugs like zanamivir [34], HIV
protease inhibitors [35], and in the development of new inhibitors for hepatitis C protease
[36] and beta-secretase [37].

Computing the binding affinity of protein-ligand is a key aspect of rational drug
design. Since the experimental determination of binding affinity is expensive and time-
consuming, a wide spectrum of computational free energy methods have been developed
to simplify the task. Free energy calculations through quantitative estimation of the
interaction between ligands and proteins allow comparing computation to the experiment.

Select applications of free energy methods include (a) screening of databases to identify a



novel lead compound, (b) lead optimization, (c) identify the impact of mutation on the
binding of a ligand to a protein, (d) compare the differential binding of ligands and drugs
to the same target, (e) assist in understanding the transport mechanism of ligands through
the membrane proteins, (f) mechanism of inhibition of proteins by several drugs, (g)
affinity and selectivity of different ions to proteins, (h) folding and unfolding of proteins,
and (i) estimation of membrane-water partition coefficient of drugs.

In rational drug design, free energy calculations are highly used in ranking millions of
compounds against a target protein to identify the lead compound. However, scoring
functions (SF) used in these screening stages had only mixed success in terms of
accuracy because of the approximations involved. Fast yet accurate free energy methods
that can be applied in the industrial setting are not yet available. Although explicit
methods like free energy perturbation (FEP) are available, they need significant
computational resources to achieve appropriate sampling; this makes them infeasible to
screen the databases. Preparing the system for explicit free energy calculations, like
preparing the topology files, is very time-consuming and requires a skillful and proficient
modeler to perform the calculations. Another bottleneck for these free energy methods
for using in a pharmaceutical setting is the lack of good force fields for drug-like
compounds. Because of these reasons, explicit free energy methods can only be used in
the lead optimization and not in the screening stages of drug design. Hybrid methods
such as MM-PBSA/GBSA and linear interaction energy (LIE) are not only faster than the
FEP methods, but they also offer better accuracies than the SFs. However, they are not
fast enough to use in the screening stages of drug discovery. Although significant

improvements have been seen in the past decade in terms of accuracy and efficiency,



free energy methods are not reliable enough to screen large numbers of compounds in a
short period of time. Especially, accurately calculating binding affinities of large
biomolecules like membrane proteins is still a challenging task. However, considerable
progress has been made in sampling aspects, partly due to improved sampling techniques
and also due to the availability of advanced computers. In addition, the theory behind
various free energy methods is clearly understood, and errors are better characterized
than before.

Identifying a lead compound for a target of unknown structure is a challenging task.
Homology models of MATs developed using LeuT provide opportunities to apply free
energy methods to study various aspects of MATSs, apart from the lead identification and
optimization. Performing free energy calculations on homology models of membrane
proteins is a challenging task. The chances of failure are high, and it is difficult to predict
the source of error. Since the sequence homology between LeuT and MATs is low,
homology models should be validated before applying free energy calculations as a
predictive tool. To achieve good accuracies, a system should be sampled sufficiently and
have good force field parameters. These parameters are highly desirable for both the
protein and ligand. Since good force fields for drug-like molecules are not yet available,
Amber and CHARMM general force fields (GAFF and CGenFF) can be extended to
these molecules to achieve accuracy. Inclusion of polarizability in the force field is highly
encouraged. In this review, an overview of free energy methods to compute protein-
ligand interactions, along with their advantages and drawbacks are presented. Various

free energy studies carried on MATSs so far are also reviewed.



1.2. Free Energy Methods for Protein-Ligand Interactions
In this section, I reviewed different free energy methods, their application in drug
design and their pros and cons. Free energy methods can be broadly classified into

explicit, implicit, and hybrid methods (Fig. 1.1).

Free Energy Calculations

Explicit Implicit Hybrid
methods methods methods

Relative free Absolute free energy
energy

) calculations
calculations

Alchemical methods
— (Annihilation and Decoupling
Approaches)

Non-Alchemical methods
(Pulling methods)

Figure 1.1. Flow chart of free energy methods to compute protein-
ligand binding energies.

1.2.1. Explicit methods
Explicit methods, which are capable of quantitatively reproducing the experimental
binding affinities, explicitly treat the protein, ligand, and solvent using a molecular force
field. These MD based methods extensively sample the system in all degrees of freedom
and offer detailed molecular insights [38, 39]. Explicit inclusion of water in these

calculations certainly makes the system more realistic, as the role played by water



molecules in the binding of ligands to proteins was illustrated in several crystal structures
[40]. However, explicit methods are computationally demanding and slow, making them
impractical for computational screening of drugs in rational drug design. Binding
energies calculated through these methods are true free energies, as they incorporate both
energetic and entropic contributions from all components of the system [41]. Since they
simulate experimental conditions (temperature and pressure) in MD, calculated binding
energies can be compared to experimental values [42].

Explicit methods can be used to compute both relative (RBFE) and absolute (ABFE)
binding free energies. RBFE calculations allow us to compute relative binding of two
different ligands to a protein, and also to compute the impact of point mutation on the
binding of a ligand. RBFE calculations are alchemical in nature and make use of the FEP
and thermodynamic integration (TI) formalism [43]. Starting from the 1980s, alchemical
methods have been used to compute RBEs [44-47].

FEP methodology utilizes the thermodynamic cycle to compute protein-ligand
binding affinities (Fig. 1.2). Since free energy is a state function, it only depends on the
initial and final state and not on the path. To compute the RBFE of ligands A and B with
a protein P, ligand A is perturbed to ligand B in bound (AGc) and unbound states (AGp),
and the RBFE (AAGag) is calculated using equation 1.

AAG ,, =AG,—AG, =AG, - AG, -Equation 1
AGa and AGg are the absolute binding energies of ligands A and B with a protein P. The
same methodology can be used to compute the impact of point mutation on ligand
binding, except that in both vertical legs of the thermodynamic cycle (Fig. 1.2) ligand

remains the same, but protein varies. FEP method can also be used to compute ABEs.



Care should be taken that the configurational ensembles representing the reference
and target state sufficiently overlap to get reasonable accuracy [48]. To circumvent this
problem, a coupling parameter (1) is introduced, and the transformation between initial
and final stages is a function of 4. 4 varies from 0 to 1, and the entire transformation is
divided into several windows. Typically, the number of windows should be chosen such

that the free energy change between each window is similar.

C ) ' c
AGp lAGC

AGp ‘

C + vy :

Figure 1.2. Thermodynamic cycle for calculating relative binding energy.
AGa and AGs are the absolute binding free energies of ligands (A and B)
with the protein (P); AGc and AGp are the free energy changes involved
in the transformation of ligand A to B in the bound state and the solvent,
respectively.

Several strategies have been designed to handle end-point catastrophes in the dual
topology approach. Introduction of a soft-core potential (A modified potential typically

used to obtain smoothness in free energy curves) [49] is one among them, and by far the
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most elegant method. Limitations of RBFE methods include (a) high computational needs
and (b) prior knowledge of at least one complex is required. In addition, it is applicable
only to closely related ligands. Although few comparisons were made, generally explicit
methods offer better accuracies than SFs [50, 51] and MM-PBSA [52, 53] methods. In
most cases, FEP offers accurate RBEs with a mean error lower than 1 kcal/mol. It is
much more useful in the lead optimization stages [54] than in the lead identification.

TI methodology is closely related to FEP, and the difference in the free energy
between a reference and a target state is an integral over ensemble average of the
configurations representative of the respective states governed by 4 [55]. Unlike FEP,
convergence in TI is represented by the smoothness of the free energy as a function of 4
[56]. Both FEP and TI are widely used methods to compute protein-ligand binding
affinities.

ABEs can be computed through alchemical and non-alchemical approaches.
Alchemical approaches include the widely used annihilation and double decoupling
approaches, whereas the non-alchemical approaches are comprised of pulling methods
(Fig. 1.1).

Annihilation approaches in principle are FEP [57] and TI [55] based methods and
compute binding free energy changes rigorously [43]. These methods make use of the
thermodynamic cycle to compute ABEs (Fig. 1.3). In the annihilation approaches, to
compute the ABFE (AGabs) of a ligand (L) with a protein (P), two separate MD
simulations are performed. The first one has P-L complex in the solvent, and the second
one has L alone in the solvent. In simulation one, L is gradually decoupled from the P in

the solvent, and the free energy change is AGi. In the second MD simulation, L
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interactions with the solvent are gradually turned off, and the free energy change is AGo.

ABFE (AGabs) is calculated as
AG,,. =AG, -AG, - Equation 2
Double annihilation [58] approach had problems incorporating the standard states,

and it was later modified in the closely related double decoupling method (DDM) [59]

and applied successfully to compute ABEs [60-62].

AGAbs !

AG,

W AG,
>

4

+ i D
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\
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Figure 1.3. Thermodynamic cycle for calculating absolute binding energy.
P, L, and D are protein, ligand, and dummy. AGaps is the absolute binding
energy of L-P complex; AG: is the free energy change involved in
decoupling L from P and solvent; AG; is the free energy change involved
in turning off the interactions of L with the solvent; AGo is the absolute
binding energy of D-P complex.

The theory behind DDM is shown in Figure 1.4. DDM involves two simulations; the

first one is the transfer of L from solvent to the gas phase that yields AG;, and the other is
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the transfer of L bound to the solvated P into the gas phase, which gives AG’. Standard
free energy of binding (absolute binding energy) AG’, is the difference of AG;and AG'
[59]. As discussed earlier, AG’ and AG; can be computed using either FEP or TL

(PL), P, L, AG

1
LSol - LGas AG;
P +L,, —> (PL) AG°, =AG!-AG’

Sol

Figure 1.4. Thermodynamics of double decoupling method.
(PL)soris P-L complex in the solvent; Psolis P in the solvent;
Lsoiis L in the solvent; Lgas refers to L in the gas phase.

Recent applications of decoupling approaches include (a) estimating the binding
energy contribution of interface water molecules in the HIV-1 protease Kynostatin-272
complex [63], (b) calculation of free energies of water molecules in the hydrophobic
pocket of B-lactoglobulin [64], (c¢) computing the ABEs of nonpolar aromatic ligands
with T4 lysozyme L99A mutant [65], (d) estimating the ABEs of FK506-related ligands
with FKBP12 (accuracies within 2 kcal/mol were obtained) [66], and (e) calculating the
binding energies of charged compounds benzamidine and diazamidine with trypsin.
Inclusion of polarization in the force field leads to excellent agreement between the
calculated and experimental binding energies (within 0.5 kcal/mol) [67]. This is the most
powerful and rigorous approach for computing binding affinities, although
computationally expensive. Double decoupling approaches do not require prior
experimental knowledge to compute ABEs. Another advantage of DDM is that the path

between two endpoints can be defined automatically. Decoupling approaches are
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impractical for computing binding affinities of charged ligands with proteins, which
involve larger binding affinities [68].

As mentioned earlier, non-alchemical methods to compute ABEs are the pulling
methods. Pulling methods are potential of mean force (PMF) based and typically used to
calculate ABEs. In pulling methods as shown in Figure 1.5, L bound to P is gradually
pulled away along a reaction coordinate to a distance representative of the unbound state,
while the interactions with the rest of the system (solvent “S”) are maintained. Free
energy changes are computed as a function of separation distances and summed to give
the total free energy change [68, 69]. A major advantage of pulling methods over DDM is
that they can be used to compute binding affinities of charged ligands with the receptor
[68]. A major drawback is slow convergence compared to alchemical methods, if the
protein undergoes large conformational changes during the ligand separation. Pulling
methods are impracticable if the pockets are deeply buried in the protein, in which case

DDM is highly effective.

Figure 1.5. Schematic representation of pulling methods.
L bound to P is gradually pulled from the pocket into
solvent (S), and free energy changes along the path
separating the protein and ligand are computed.
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Methods based on PMF approach include the smooth reaction path generation method
(SRPG) [70] and methods using restraining potentials [68, 71-73]. Recent successful
applications of PMF based methods include: (a) estimating the ABFE of phosphotyrosine
peptide pYEEI with the Src homology 2 (SH2) domain of human Lck kinase [68], (b)
computing ABEs of FK506 and 4-hydroxy-2-butanone with FKBP [69], and (c)
calculation of ABFE of pteroic acid with ricin toxin A-chain [74]. Good agreement
between the calculated and experimental binding affinities (within 1 kcal/mol) [68, 69,
72] demonstrates the utility of PMF based methods.

In general, the chance of errors in RBFE calculations is smaller compared to ABFE
calculations, but both these methods suffer from similar challenges with regards to
sampling and accuracies. RBFE calculations may benefit from cancellation of errors if
both the ligands share a similar binding mode and conformational changes of the protein
show a similar impact on ligand binding. ABFE calculations are computationally
expensive, but rigorous compared to RBFE calculations. The major advantages of
explicit methods over implicit methods are inclusion of protein flexibility and explicit
water in the simulations. The shortcomings of explicit methods include the computational
and time expenses. Additionally, binding energies may not always converge due to
insufficient sampling of the system. Several efforts have been made to improve
convergence and speed [75]. The accuracy of these methods largely depends on the
accuracy of the force field parameters. Increase in accuracy of the results by

incorporating polarizability in the force fields [76] has been reported [67].
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1.2.2. Implicit methods

Implicit methods are typically referred to as scoring functions (SF) and used for ligand
docking and ranking of poses [77, 78]. SFs are also used to screen large databases to
identify a novel lead compound. They enable us to identify a possible binding mode of a
ligand and to approximately estimate its binding affinity with the protein. Implicit
methods [79, 80], unlike the accurate methods, are fast enough to screen databases in a
reasonable amount of time. However, they compromise on accuracy by treating the
protein as a rigid entity and the solvent as a continuum medium; only the ligand is
sampled explicitly. SFs offer poor correlation between the predicted and experimental
binding affinities. SFs are either force field-based, knowledge-based or empirical [79-81].
Currently, empirical SFs are widely used in docking and scoring activities. Since none of
the SFs offer accurate binding energies, consensus-scoring methods are gaining
momentum [82-85]. Apart from the above two approximations, there are other limitations
for these methods. Ligand entropy [86, 87] and molecular weight bias [88-90] need to be
accounted for in these methods. Examples of implicit methods are Poisson-Boltzmann
(PB) [91] and Generalized Born (GB)-based [92] models.

The major drawbacks of implicit methods are inflexibility of the protein and implicit
treatment of the solvent. Since flexibility is key for the protein function [93], it can be
incorporated by including an ensemble of protein conformations in the calculations, [94-
96] by explicitly treating only certain degrees of freedom, [94] or both [97]. Keeping in
mind the importance of water at the binding interfaces of biomolecules [98], and in the
binding of ligands to proteins [99], molecular hydration can be included by explicitly

placing water molecules at selected sites in the complexes [100, 101]. For details about
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different SFs, please see references [102-104].

1.2.3. Hybrid methods

Hybrid methods are a combination of explicit and implicit methods. They combine MD
with the free energy scoring to calculate the binding free energies. Hybrid methods use
MD to generate an ensemble of structures and use SFs to calculate the average binding
energy. Hybrid methods are not as slow as explicit methods and not as approximate as
implicit methods. Although faster than explicit methods, hybrid methods are not fast
enough for computational screening of inhibitors. Hybrid methods offer reasonable
accuracies, with typical 7° values in the range of 0.4-0.9 [105-108]. Several hybrid
methods are available; notable among them are Molecular Mechanics-Poisson-Boltzmann
Surface Area (MM-PBSA), Molecular Mechanics-Generalized Born Surface Area (MM-
GBSA), and LIE (Linear Interaction Energy) methods [109].

MM-PBSA/GBSA methods [110, 111] involve calculating the changes in MM,
electrostatic and nonpolar solvation energies, and entropic contributions. Entropic
contributions are ignored if the ligands are relatively close. However, they are often
estimated with normal mode analysis [106], quasi-harmonic analysis [112], or the restrain
and release approach [105]. Only the bound and unbound states of a ligand are
considered in the calculations. The big drawback of MM-PBSA/GBSA methods is that
the ligand is considered in the same configuration in both the unbound and bound state,
which is often not true. Other major concerns are the choice of solute dielectric constant,
which is crucial for the PBSA method [106], and the overestimation of the entropic

contributions [105]. Entropic contributions are often ignored with the assumption that
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they cancel out when calculating the RBFE of two closely related ligands [113]. These
methods performed reasonably well in several cases (r> > 0.8, and errors < 2 kcal/mol)
[110, 111, 114], yet in some cases their performance was inferior to the SFs [52]. Since
these methods are based on ensemble averages from MD, they are more appropriate for
lead optimization than lead identification. Both absolute and relative binding energies can

be estimated through MM-PBSA and GBSA methods.

System 1 System 2

Figure 1.6. Schematic representation of endpoint free energy methods.
On the left is system 1 with L-P in the solvent (S), and on the right is
system 2 with L itself in the S.

LIE is also an endpoint method, which is used to estimate the binding free energy
from the MD simulations. It is based on the linear response approximation, according to
which the protein-ligand binding energy linearly depends on the polar and non-polar
energy contributions from the resulting MD averages [115]. Binding energy is the
difference of the interaction energy of a ligand with solvent and solvated protein. Only
two simulations are required in this method, the ligand itself in water and the protein-

ligand complex in water (Fig. 1.6). Recent developments include incorporation of
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multiple binding modes of ligands [116], continuum electrostatics [117], quantum
mechanical (QM) calculations to treat polarization effects, and new parameterization
approaches [118].

Hybrid methods, unlike implicit methods, incorporate protein flexibility by using MD
generated conformational ensemble in the free energy calculations. However, they are
faster than explicit methods because they skip the intermediate stages between the bound
and unbound states, giving them the name ‘endpoint’ free energy methods [109, 113,
119]. They are approximate because in this method implicit solvent calculations are
performed on the structures resulting from MD [109]. Multiple snapshots from a MD
trajectory are included for computing free energies and the average is calculated. Overall,
they are computationally less demanding and easier to execute than the explicit methods
and more reliable and accurate than the implicit methods. Contrary to FEP methods, these
methods can handle large structural changes in the ligands. Binding energies calculated
through hybrid methods are close to real free energies because of the extensive sampling
involved and incorporation of entropic contributions.

The latest advance in free energy methods is to combine various methods to take
advantage of the positives in the individual methods. For example, PDLD/S-LRA/
method is a combination of the Protein Dipoles Langevin Dipoles method (PDLD), the
Linear Response Approximation (LRA) and LIE. It performed more effectively than the
individual endpoint methods [105]. The TI method was combined with the replica
exchange (RE) to overcome the sampling problems, and the new method (RETI) was
more efficient than the TI method [120-122]. Similarly, the one-step perturbation (OSP)

was combined with the LIE to improve accuracy [123].
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Good force field parameters are always essential for accuracy in the binding energies.
Recent developments include incorporation of polarizability in the force fields [124]
(e.g., CHARMM and AMOEBA polarizable force fields), which is critical for accuracy
[67]. However, polarizable force fields are not yet extensively validated and are
computationally intensive. The choice of method depends on the nature of the problem.
The speed and accuracy of different free energy methods are compared in Figure 1.7. For

complete technical details of different free energy methods, please see the references

[124-126].

- SCORING
FUNCTIONS

~— MM-PBSA/GBSA—

LIE

FEP/TI

Figure 1.7. Comparison of different free
energy methods for accuracy and speed.

1.3. Free Energy Calculations on MATSs
In this section, different free energy studies carried on MATs are reviewed. However, the
implicit methods used in the docking and virtual screening studies are not reviewed.

Huang et al. [127], through free energy calculations, identified the binding mode of
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dopamine in hDAT. Free energy calculations were performed on the homology model of
hDAT, which was developed using LeuT as a template [21]. An ensemble of hDAT-DA
complexes required for the free energy calculations was obtained from MD simulations.
Using the MM-PBSA method [110], the calculated binding energy of DA-hDAT was
reported as -6.4 kcal/mol, while the experimental binding affinity was -7.4 kcal/mol
[128]. A difference of 1 kcal/mol between the calculated and experimental binding
energies was attributed to the inherent approximations in the MM-PBSA method. RESP
charges for DA were used in these calculations.

Huang et al. [129], through MM-PBSA [110] calculations, demonstrated that cocaine
binds stronger to hDAT in the absence of DA in the substrate binding site. The calculated
RBFE of cocaine with the hDAT-DA complex and hDAT alone was approximately 4
kcal/mol, which translates to a difference of 1000-fold between the Kg’s of cocaine-
hDAT-DA and cocaine-hDAT. Binding modes of DA and cocaine in the homology
model of hDAT [127] were explored through AutoDock 3.0.5 [130]. The complexes were
initially energy minimized and further refined through MD in the sander module of
Amber 8 [131]. Atomic charges, determined through RESP fitting, were used for DA and
cocaine [132-134].

Hill et al. [135] quantitatively estimated the impact of mutations on the inhibition of
hDAT and hNET by RTI-113 through MM-PBSA [110] calculations. The calculated
RBFE of RTI-113 with the wild-type hNET-NE and hNET/Y 151F-NE was 1.8 kcal/mol,
whereas the experimental RBFE was 1.6 kcal/mol [135]. Similarly, the calculated and
experimental RBEs of RTI-113 with the wild-type hDAT-DA and hDAT/F155Y-DA

were 1.5 kcal/mol and 1.8 kcal/mol, respectively [135]. The homology model of hDAT
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[127, 129] was used to develop the hNET homology model [135]. Binding modes of DA,
NE and RTI-113 were explored using AutoDock 3.0.5 [130], and the complexes were
energy minimized using Amber 9 [136]. RESP charges for the DA, NE and RTI-113
were used in the binding energy calculations.

Henry et al. [137] calculated the shift in pKa’s of Cys336 and Cys372 upon
deprotonation in hSERT using the FEP approach [138]. In the presence of Na" in the site-
1 (also known as the NAI site), shift in ApKa’s of Cys336 and Cys372 were
approximately -5.0 and -0.9, respectively. Therefore, the net pKa’s of Cys336 and
Cys372 were ~3.0 and ~7.1, indicating a higher probability of deprotonation of Cys336
compared to Cys372 in the presence of Na' in the Nal site. This was due to the proximity
of Cys336 to the Nal site compared to Cys372. The homology model of hSERT was
developed using LeuT as a template [140]. Binding mode of 5-HT was initially modeled
identical to the experimentally validated mode of Kaufmann et al. [140] and later refined
through a series of energy minimizations and equilibrations. FEP calculations were
performed using NAMD 2.7bl [139] and analyzed using CHARMM c36b2.
CHARMM27 [141] force field parameters were used for the protein and lipids; for the
deprotonated cysteine, parameters developed by Foloppe and Nillson [142] were used.
Bond lengths and bond angles of 5-HT were obtained by QM calculations at the
B3LYP/6-31G* level of theory using the RESP fitting approach [143].

For the first time, our group has optimized the novel hSERT inhibitors using the FEP
calculations (Not yet published). We developed CGenFF [144] parameters for fifteen
ligands of MATSs for using in the FEP studies and MD simulations. CGenFF is a force

field for drug-like molecules, which is compatible with the CHARMM additive all-atom
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force field for the proteins, carbohydrates, lipids and nucleic acids. This allows
performing “all-CHARMM” simulations to study protein-drug interactions. Prior to its
application to hSERT, FEP method was first validated by calculating the RBEs of three
amino acid ligands glycine, alanine, and leucine with LeuT and compared to the
experimental binding affinities (Table 1.2). The calculated RBEs were in good agreement

with the experimental RBEs.

Table 1.2. Comparison of the calculated and experimental relative binding
energies of the three amino acid ligands with LeuT.

Calculation AAGcalc (kcal/mol) AAGExpt (kcal/mol)
LeuTaa: Ala 2 Gly 3.26 £0.05 2.85 +0.22[145]
LeuTaa: Leu 2> Ala 3.39+0.07 3.17 £ 0.30[145]

AAGca and AAGexp: are the calculated and experimental relative binding energies. Gly,
Ala, and Leu refer to the amino acid ligands glycine, alanine, and leucine. The
experimental relative binding affinities (AAGgxp) are from the reference 149.

1.4. Conclusions

Here, various free energy studies carried on MATs were reviewed. This review also
covers free energy methods available to compute protein-ligand binding affinities, their
advantages, pitfalls and applicability in drug design, along with the recent developments.
Although computationally expensive and slow, explicit methods offer quantitative
agreement with the experiment, making them more practical in the lead optimization
stages of drug discovery. On the other end of the spectrum, there are scoring functions
that are fast and computationally less demanding than explicit methods. However, these
methods are applicable only in the screening stages of drug discovery because of the
inherent approximations involved. Hybrid methods, which are a mix of explicit and

implicit methods, are faster than accurate methods and more accurate than scoring
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functions. However, they are not fast enough for virtual screening since they use MD
simulations to sample the endpoints of a free energy simulation. Recent advances include
incorporation of polarizability in the force fields, and development of combination
methods. Explicit methods largely benefited from the improved force fields and parallel
computing architecture. Sampling issues and errors are better understood than before.
Despite the recent advancements, free energy methods are not yet ready for the routine
use in drug design. Despite several drawbacks, they can still be used to enhance the drug
discovery process and to derive valuable information about the structure and function of
proteins.

MATs have been targeted for drug discovery for several decades because of their role
in the regulation of neurotransmitter signaling in the CNS. Since the crystal structures of
MATSs were not available until recently, LeuT was used to understand the structure and
function of MATs. Homology models of MATs using LeuT were developed, and several
computational techniques have been used to explore the molecular details underlying
several functional aspects of MATs. Free energy calculations have been applied to MATs
for various purposes. However, there was not a single report on the optimization of MAT
ligands using free energy methods. This may be partly due to the lack of good force field
parameters for drug-like molecules, which are key for the accurate determination of free
energies; other reasons include computational costs associated with the explicit methods
and sampling issues because of the size of the membrane proteins. Keeping in mind the
importance of force field parameters for achieving accuracy, CGenFF parameters were
developed for several MAT ligands. RBEs of the three amino acid ligands glycine,

alanine, and leucine with LeuT computed through FEP were reported. The calculated
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RBEs were in good agreement with the experimental values. Finally, free energy
calculations reached a stage where they could be used as a predictive tool rather than

simply to support the experimental data.
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2. CHAPTER 2

DEVELOPMENT OF CHARMM GENERAL FORCE FIELD
PARAMETERS FOR LIGANDS/DRUGS OF MONOAMINE

TRANSPORTERS

2.1. Introduction
Monoamine transporters (MATs) are membrane proteins and belong to the NSS family.
MATs (hSERT, hDAT and hNET) reuptake respective neurotransmitters from the
synapse to the presynaptic neuron thereby maintaining homeostasis in the body. MATs
were implicated in several mental disorders including depression, schizophrenia and
Parkinson’s disease; several psychostimulants exert their function by acting at MATs [1-
7]. However, the exact mechanism of action of ligands/drugs at MATs were not clearly
understood due to the non-availability of crystal structures of MATSs, not at least for
hSERT and hNET, which were primarily implicated in the depression disorder.
Therefore, over the years several computational techniques including homology
modeling, docking, MD simulations and free energy calculations have been utilized to
study various aspects of MATs [8-10]. Computational methods were also pursued for
drug discovery [1, 11-14]. However, traditionally computational results have been
validated through experiments because of the limitations of various computational
methods or calculations. For example, free energy calculations are suffering from the

non-availability of good force field parameters for the drug-like ligands.
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A force field is defined as a functional form and parameter sets that relate chemical
structure and conformation to the potential energy. Well-characterized force field
parameters are available to treat proteins (e.g., CHARMM, AMBER and MMFF).
Especially, accurate prediction of protein-ligand binding energies requires well-
characterized ligand force field parameters and is a limitation for performing the binding
free energy calculations on a regular basis [8, 15].

The recent availability of general force fields (e.g., CGenFF [16] and GAFF [17]) is a
saving grace, and these can be extended to drug-like molecules. CGenFF parameters for
15 MAT ligands including dopamine, serotonin, amphetamine, bupropion,
methylphenidate, cocaine, benztropine, clomipramine, imipramine, desipramine, R- and
S- fluoxetine, R- and S- citalopram and sertraline (structures are shown in Fig. 2.1) were
developed. To our knowledge, this is the first report of extension of the CGenFF to MAT
ligands. CGenFF is an organic force field parameterized for drug-like molecules and
compatible with the CHARMM force field for biomolecules such as proteins [18] and
nucleic acids [19]. This offers the advantage of performing all CHARMM simulations
[20, 21] to study protein-ligand interactions. CGenFF is an all-atom force field and
explicitly treats all atoms of the system. CGenFF parameterization philosophy was shown
in Fig. 2.2. The force field parameters were optimized by comparing against the quantum
mechanical (QM) data. CGenFF results were in good agreement with the target data.
Development of CGenFF parameters enables the accurate estimation of MAT-ligand
binding energies, which helps to resolve the ambiguity of drug binding sites and binding

modes in MATs, and also to develop better therapeutics targeted at MATSs.
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Figure 2.1. Chemical structures of various MAT ligands for which the CGenFF parameters were developed.

(A) dopamine, (B) serotonin, (C) amphetamine, (D) methylphenidate, (E) bupropion, (F) clomipramine, (G)
imipramine, (H) desipramine, (I) sertraline, (J) R-fluoxetine, (K) S-fluoxetine, (L) R-citalopram, (M) S-citalopram,
(N) benztropine, and (O) cocaine.

43



2.2. Methods

CGenFF parameterization philosophy

As described earlier, CGenFF is the extension of CHARMM force field for organic

molecules. The potential energy function of CGenFF is shown in equation 1.

E(F{j: ZK[(1—10)2+ZK6(9—00)2+2K‘9(S—SO)2+ Z Kl(l+cos(n;(—§))+

bonds angle UB dihedrals

12 6
Z Kw(a)—a)o)2+ Z ﬂ_i_ Z ‘C",/ [Rmin,iiJ _2(Rmin,;‘jJ

47rD1;.j % r

impropers electrostatic vanderwaals ij

- Equation 1
N
E| R | is the potential energy of a system as a function of Cartesian coordinates and is a

sum of intermolecular and intramolecular energy terms. The intermolecular component is
comprised of electrostatic and van der Waals terms; bonds, angles, Urey-Bradley,
dihedrals and impropers constitute the intramolecular part of the potential energy. q; and
qj are the partial atomic charges of atoms i and j, respectively, and r;; is the distance

separating the atoms 1 and j. Rminij is the distance at which Lennard-Jones (LJ) potential

reaches minimum and &jj is the well depth. 1o, 0o, So and w, are the equilibrium bonds,
angles, Urey-Bradley and impropers, respectively; x, n and o are the dihedral angle,
multiplicity and phase; Ki, Ko, Ks, K; and K are the force constants of respective

intramolecular terms.

The CGenFF parameterization procedure explained elsewhere is followed [16]
and is shown in Figure 2.2. Briefly, in the first-step initial parameters were assigned to

the novel ligands. The available parameters were taken directly from the CGenFF
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parameter file, and the missing parameters were assigned based on analogy. Bond lengths
were chosen such that at least one atom type was similar, whereas for the bond angles a
middle atom type was similar and for the dihedrals two middle atom types were similar.
Lately, the development of automated procedures for assigning the initial set of
parameters such as partial charges, atom types and bonded parameters [22, 23] simplifies

the parameterization procedure.

Parametrization
Procedure Target Data
Charge HF/6-31G* water interaction
B SE— c .
optimization energies and distances

Equilibrium bond and MP2/6-31G(d) equilibrium
angle optimization geometry/crystal structures

Optimization of bond, angle,

dihedral and improper force €«—— > i LA KL PRIl el

constants spectrum
Dihedral and improper MP2/6-31G(d) potential
force constant optimization energy scans
Lennard-Jones Liquid densities and heats
B S =

parameters of vaporization
Optimized

parameters

Figure 2.2. CGenFF parameterization philosophy and target data.

In the next step, partial atomic charges were optimized with emphasis on water
interaction energies. Prior to the calculation of water interaction energies, equilibrium

geometries of the ligands were generated at MP2/6-31G(d) level of theory [24, 25]. For
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the purpose of charge optimization, TIP3P waters [26] were placed around the MP2/6-
31G(d) optimized geometry of the ligands in various orientations and interaction energies
of the individual hydrates were calculated at HF/6-31G* level of theory [27, 28].
Similarly, interaction energies of the monohydrates were calculated using the CGenFF
charges and compared against the HF/6-31G* interaction energies. CGenFF charges on
the individual atoms were adjusted and energies recalculated until they correlated well
with the HF/6-31G* interaction energies. QM interaction energies were not scaled since
all our compounds were protonated and have a net charge. Further, the equilibrium
bonds, angles, dihedrals and impropers were optimized using the equilibrium structure
generated at the MP2/6-31G(d) level of theory. Next, is the optimization of bond and
angle force constants (target data is MP2/6-31G(d) vibration spectra), followed by the
dihedral and improper force constants (target data is MP2/6-31G(d) potential energy
scans); however, we did not pursue this step. The last step in the parameterization is the
optimization of LJ parameters, however, in the CGenFF parameterization philosophy this
step is not typically needed and we did not optimize LJ parameters.. The entire
parameterization was performed in an iterative manner until the required quality was
attained. All QM calculations were carried with Gaussian 09 [29] and empirical

calculations with the CHARMM program [30].

2.3. Results and Discussion
All the ligands from Figure 2.1 were parameterized via the CGenFF procedure, and the

results are shown below.
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2.3.1. Charge optimization
a) Amphetamine
As described earlier in the methods section, charges were optimized using the water

interaction energies.

Figure 2.3. Orientation of water molecules around
amphetamine used for charge optimization.

Fourteen monohydrates of amphetamine in different configurations were generated using
the MP2/6-31G(d) optimized geometry, and HF/6-31G* water interaction energies of
these individual hydrates were compared against the CGenFF interaction energies. The
CGenFF charges on the individual atoms were slightly adjusted, and the CGenFF

interaction energies were recalculated to match the HF/6-31G* interaction energies.
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According to the CGenFF parameterization philosophy, ideally the CGenFF and HF/6-
31G* interaction energy differences should be within 0.2 kcal/mol, and the CGenFF
interaction distances should be 0.2A less than the QM distances since the interaction

distances in bulk are typically shorter than in vacuum [16].

Table 2.1. Comparison of CGenFF and HF/6-31G* water interaction energies and distances
of amphetamine.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H24...OHH -5.45 -5.29 0.15 2.55 2.65 0.1
H22...O0HH -4.28 -3.93 0.34 2.41 2.60 0.19
H20...OHH -3.96 -3.54 0.41 2.43 2.62 0.19
ZH18...OHH -3.97 -3.63 0.34 2.45 2.62 0.17
Hl16...OHH -4.27 -4.32 -0.05 2.61 2.68 0.07
HS.....OHH -7.18 -6.91 0.26 2.42 2.58 0.16
H9.....OHH -7.01 -6.85 0.15 2.45 2.58 0.16
H6.....OHH -7.93 -7.91 0.02 2.31 2.54 0.23
HI11...OHH -4.97 -5.17 -0.20 2.61 2.60 -0.01
HI12...OHH -6.80 -6.51 0.28 243 2.56 0.13
H13...0HH -6.99 -7.00 -0.01 2.43 2.54 0.11
H2.....OHH -16.87 -17.06 -0.19 1.84 1.77 -0.07
H3.....OHH -17.19 -17.14 0.05 1.83 1.76 -0.07
H4.....OHH -17.08 -17.16 -0.08 1.84 1.76 -0.08
AD 0.105

RMSD 0.197

AAE 0.18

All energies are in kcal/mol and distances in A. AE is the water interaction energy, AAE is the
difference of HF/6-31G* and CGenFF water interaction energies, r is the interaction distance, and Ar
is the difference of HF and CGenFF interaction distances.

As shown in Table 2.1 and Figure 2.3, the CGenFF interaction energies were in good
agreement with the HF/6-31G* data. The interaction energy differences of nine hydrates
were in the ideal range, and the differences of the remaining six hydrates were less than
0.4 kcal/mol. The interaction distances of three ammonium hydrogens (H2, H3 and H4)

with water were ideally lower than HF/6-31G*, which might be because they are regular
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hydrogen bonds; whereas the interaction distances of the remaining hydrates were greater
than or equal to HF/6-31G* (but the deviation was lesser than 0.2A) due to the weaker

hydrogen bonding nature of the interactions.

b) Dopamine

Table 2.2. Interaction energies and distances of dopamine - water complexes in different

geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H7...OHH -6.67 -6.49 0.18 245 2.60 0.15
HS8...OHH -4.65 -4.46 0.19 2.33 2.56 0.23
HS5...OHH -7.55 -7.35 0.20 2.32 2.52 0.20
H10...OHH -7.03 -6.38 0.65 241 2.59 0.18
HI11...OHH -6.68 -5.49 1.19 2.33 2.61 0.28
H13...0HH -8.72 -7.96 0.77 2.27 2.55 0.28
H14...OHH -8.70 -7.59 1.10 223 2.53 0.30
H15...O0HH -2.78 -1.97 0.80 2.54 2.50 -0.04
Hl16...OHH -17.06 -16.87 0.18 1.82 1.77 -0.05
H17...O0HH -16.94 -17.01 -0.07 1.84 1.77 -0.07
O4...HOH -3.05 -3.23 -0.18 2.35 2.22 -0.13
H4...OHH -12.06 -12.16 -0.10 1.87 1.81 -0.05
O1...HOH 0.30 0.09 0.21 2.21 2.03 -0.18
H1...OHH -2.81 -2.98 -0.16 3.3 3.44 0.14
AD 0.32

RMSD 0.47

AAE 0.43

Fourteen monohydrates of dopamine were generated (Fig. 2.4) in various configurations
and the water interaction energies and distances were calculated to optimize the charges.

The interaction energies of the real hydrates H16...OHH, H17...OHH, O4...HOH,
H4...OHH, O1... HOH, and H1...OHH were in the ideal range (i.e., deviation within 0.2
kcal/mol), except for H15...OHH, which was 0.8 kcal/mol (Table 2.2). The interaction
distances of the real hydrogen bonds were lower than the QM distances, except for

HI1...OHH. The interaction energy differences of aliphatic hydrogens (H10, H11, H13,
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and H14) were not in the ideal range as expected; however, the deviations were less than
0.2 kcal/mol for the three aromatic hydrogens. The interaction distances of the three
aromatic and aliphatic hydrogens with water were greater than QM distances, probably

due to the feeble hydrogen bond nature of the interactions.

Figure 2.4. Orientation of water molecules around
dopamine used for charge optimization.

¢) Serotonin
Fifteen monohydrates of serotonin were generated in multiple configurations (Fig. 2.5).
The interaction energy differences of the real hydrogen bonds (N9...HOH, H9...OHH,
01...HOH, H1...OHH, H17...OHH, and H18...OHH) were below 0.35 kcal/mol, except
for the H19...OHH because of the bad atom position (Table 2.3). The interaction energy
differences of the remaining hydrates were below 0.3 kcal/mol, except for one hydrate

(H11...OHH), which was -0.62 kcal/mol. The interaction distances of all the real
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hydrates were lower than the QM distances except for the hydrate H19...OHH. The
interaction distances of remaining hydrates (except H8...OHH) were greater than QM

distances.

Table 2.3. Interaction energies and distances of serotonin - water complexes in different

geometries.

Interaction AE AE AAE r r Ar
geometry (HF)  (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H14...O0HH -7.88 -7.62 0.25 227 2.53 0.26
H15...O0HH  -8.15 -7.99 0.15 2.25 2.51 0.26
H11...O0HH -6.36 -6.98 -0.62 2.46 2.54 0.08
HI12...O0HH -6.32 -6.01 0.29 2.35 2.57 0.22
H8...OHH -6.77 -6.91 -0.14 2.26 2.22 -0.04
H5...OHH -5.59 -5.64 -0.05 2.33 2.52 0.19
H6...OHH -5.96 -5.82 0.13 231 2.51 0.2
H2...OHH -6.20 -6.01 0.18 2.58 2.64 0.06
N9...HOH -3.34 -3.53 -0.19 3.12 2.94 -0.18
H9...OHH -10.46 -10.53 -0.07 1.95 1.84 -0.11
01...HOH -3.93 -3.83 0.09 2.07 1.95 -0.12
H1...OHH -10.80 -10.97 -0.17 1.92 1.83 -0.09
H17...0HH -16.20 -15.92 0.27 1.84 1.77 -0.07
H18...O0HH -16.18 -16.53 -0.35 1.86 1.78 -0.08
H19...O0HH -11.05 -2.96 8.09 2.49 2.56 0.54
AD -0.01

RMSD 0.25

AAE 0.21
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Figure 2.5. Orientation of water molecules around
serotonin used for charge optimization.

d) Methylphenidate
Twenty-two monohydrates of methylphenidate were generated to optimize the CGenFF
charges (Fig. 2.6). Although the interaction energy differences of half of the hydrates
were in the ideal range, differences of the remaining half deviated significantly (Table
2.4). The interaction energy differences indicate that the charges require better fitting to
minimize the energy differences. The interaction distances of real hydrates were lower
than the QM distances as expected, except for the hydrate H14...OHH; whereas the
interaction distances of the rest of the hydrates (aliphatic and aromatic) were greater than

QM distances.
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Table 2.4. Interaction energies and distances of methylphenidate - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
"H7...OHH -7.75 -6.48 127 239 2.62 0.24
H4...OHH -4.18 -3.62 0.56 2.73 2.83 0.10
H3...OHH -3.75 -2.39 1.36 2.46 271 0.25
H2...OHH -3.77 -2.17 1.60 2.44 2.7 0.26
H1...OHH -3.67 -2.18 1.49 2.46 271 0.25
Hé6...OHH -2.5 -1.84 0.66 2.89 4.49 1.60
HI11...OHH -7.45 -8.69 -1.24 2.22 2.50 0.28
H16...O0HH -8.08 -9.44 -1.36 2.27 2.49 0.22
H17...OHH -7.85 -8.67 -0.82 2.26 2.50 0.24
H19...O0HH -5.90 -6.63 -0.73 2.47 2.56 0.09
H20...OHH -5.90 -6.51 -0.61 2.37 2.55 0.18
H22...OHH -5.12 -5.49 -0.37 2.42 2.58 0.16
H23...O0HH -5.41 -6.80 -1.39 2.48 2.56 0.08
H25...O0HH -5.14 -5.78 -0.64 2.48 2.57 0.09
H26...0HH -6.42 -7.06 -0.64 2.69 2.6 -0.09
H13...OHH -15.15 -17.42 227 1.90 1.78 -0.12
H14...OHH -11.04 -7.80 3.24 2.40 2.59 0.19
08...HOH -1.49 -4.53 23.04 2.23 1.79 -0.44
09....0HH 1.70 -0.18 -1.88 2.84 2.08 -0.76
H101...OHH -5.44 -5.61 _0.17 2.44 2.57 0.13
H102..0HH -4.91 -4.43 0.48 2.32 2.53 0.21
H103..O0HH -4.91 -4.92 -0.01 2.38 2.54 0.16
AD -0.20
RMSD 1.46
AAE 1.14
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Figure 2.6. Orientation of water molecules around
methylphenidate used for charge optimization.

e) Bupropion
Fifteen monohydrates of bupropion were generated to optimize the charges (Fig. 2.7).
The interaction energy differences of most of the hydrates were deviating significantly
from the ideal range (Table 2.5). The interaction distances of the real hydrates
(H14...OHH, H15...OHH, and O7...HOH) and also CL2...HOH were smaller than the

QM distances; however, they were larger for the remaining hydrates.
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Table 2.5. Interaction energies and distances of bupropion - water complexes in different

geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
CL2...HOH -0.27 -1.13 -0.86 3.02 2.39 20.63
H3...OHH -4.35 -2.01 2.34 2.26 2.7 0.44
Hl1...OHH -5.63 -2.46 3.17 2.26 2.66 0.40
H6...OHH -5.79 -3.33 2.46 2.32 2.66 0.34
H5...O0HH -8.45 -7.55 0.90 2.54 2.76 0.22
HS8...OHH -9.45 -10.68 -1.23 2.33 2.51 0.18
H10...OHH -7.75 -7.49 0.26 2.34 2.53 0.19
H11...OHH -5.08 -6.40 -1.32 2.56 2.59 0.03
H12...0HH -7.25 -7.28 -0.03 231 2.51 0.20
H17...0HH -8.27 -9.85 -1.58 2.21 2.46 0.25
H19...OHH -8.45 -9.41 -0.96 2.23 2.46 0.23
H18...OHH -8.51 -10.0 -1.49 2.26 2.46 0.20
H14...OHH -4.16 -6.19 2.03 3.19 2.89 -0.30
H15...OHH -15.70 -19.21 351 1.88 1.77 -0.11
O7...HOH -0.39 -2.45 2.06 222 1.71 -0.51
AD -0.39

RMSD 1.89

AAE 1.53
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Figure 2.7. Orientation of water molecules around
bupropion used for charge optimization.

f) Benztropine
Twenty-seven monohydrates of benztropine have been generated (Fig. 2.8) to optimize
the partial atomic charges. Except for the eleven hydrates (including the real hydrates
H5...OHH and 024...HOH), the interaction energy differences of rest of the hydrates
were below 1 kcal/mol (Table 2.6). The interaction distances of the real hydrates
H5...OHH and O24...HOH were lower than the QM distances, but distances of rest of the

aliphatic and aromatic hydrates were greater than the CGenFF distances.
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Table 2.6. Interaction energies and distances of benztropine - water complexes in different
geometries.

Interaction AE AE AAE r r Ar
_geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)

H3...O0HH -7.75 -8.78 -1.03 2.60 2.64 0.04
H4...OHH -7.75 -8.82 -1.07 2.26 2.48 0.22
H2...OHH -7.95 -8.70 -0.75 2.26 2.47 0.21
H9...OHH -3.97 -4.19 -0.22 4.12 2.55 -1.57
H10...0HH -6.45 -7.14 -0.69 2.39 2.56 0.17
H12...0HH -6.39 -7.25 -0.86 242 2.56 0.14
H13...0HH -6.30 -7.35 -1.05 241 2.55 0.14
H17...0HH -5.62 -5.51 0.11 2.38 2.58 0.20
H18...0HH -5.74 -6.19 -0.45 2.44 2.59 0.15
H22...0HH -3.26 -4.04 -0.78 3.23 3.14 -0.09
H23...0HH -5.28 -6.38 -1.10 2.55 2.57 0.02
H7...O0HH -7.84 -7.54 0.30 2.29 2.55 0.26
H15...0HH -7.44 -8.32 -0.88 2.33 2.52 0.19
H20...O0HH -5.38 -5.65 -0.27 3.54 3.65 0.11
H37..O0HH -2.63 -1.79 0.84 2.81 3.05 0.24
H35...0HH -2.71 -1.65 1.06 2.55 2.75 0.20
H33...0HH -2.88 -1.70 1.18 2.49 2.72 0.23
H31...O0HH -2.91 -1.71 1.20 2.49 2.72 0.23
H29...0HH -3.18 -2.20 0.98 2.52 2.72 0.20
H26...0HH -4.31 -4.28 0.03 2.58 2.65 0.07
H48...0HH -4.05 -3.90 0.15 2.55 2.68 0.13
H46...0HH -3.64 -2.81 0.83 2.49 2.70 0.21
H44...O0HH -3.61 -2.46 1.15 2.46 2.70 0.24
H42...O0HH -3.50 -2.24 1.26 2.46 2.71 0.25
H40...OHH -2.46 -1.57 0.89 2.75 2.86 0.11
H5...OHH -13.73 -18.17 -4.44 1.95 1.79 -0.16
024...HOH -1.15 -3.26 -2.11 2.84 2.62 -0.22
AD -0.21

RMSD 1.26

AAE 0.94

57



Figure 2.8. Orientation of water molecules around
benztropine used for charge optimization.

g) Cocaine
Twenty-six monohydrates were generated, and the interaction energies to optimize the
CGenFF charges were calculated (Fig. 2.9). The interaction energy differences of the real
hydrogen bonds (H13...OHH, O3..HOH, 020...HOH, OI...HOH and O21...HOH)
were lower than 0.28 kcal/mol and close to the ideal range. The interaction energy
differences of rest of the hydrates were below 1.26 kcal/mol, except for the H161...OHH,
which was -2.91 kcal/mol because of the bad atom position. The interaction distances of
the real hydrogen bonds were lower than the QM distances, except for the hydrate
Ol1...HOH. The interaction distances of the remaining hydrates (except H161...OHH)

were greater than QM distances (Table 2.7).
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Table 2.7. Interaction energies and distances of cocaine - water complexes in different
geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
THISI...OHH -1.73 -7.47 0.26 2.27 2.51 0.24
H182...O0HH -7.93 7.81 0.11 2.27 2.50 0.23
H183...OHH -8.98 -8.39 1.16 2.23 2.42 0.19
H221...0HH -3.96 -2.69 1.26 2.45 2.69 0.24
H222...O0HH -3.03 -2.96 0.06 2.55 2.67 0.12
H223...O0HH -3.68 -2.94 0.73 2.44 2.62 0.18
H5...O0HH -2.10 -1.88 0.21 2.36 2.65 0.29
H6...OHH -3.26 -3.02 0.24 2.47 2.63 0.16
H7...OHH -3.49 -3.34 0.14 2.44 2.6 0.16
HS8...OHH -3.01 -2.80 0.21 2.53 2.65 0.12
H9...OHH -2.35 -2.42 -0.07 3.00 4.49 1.49
H10...OHH -3.86 -3.56 0.30 2.53 2.73 0.2
HI111...O0HH -3.90 -3.96 -0.06 2.44 2.66 0.22
H112...OHH -6.41 -6.06 0.35 2.55 2.64 0.09
HI12...OHH -8.17 -7.89 0.28 2.26 2.53 0.27
Hl14...OHH -7.38 -7.14 0.24 2.29 2.56 0.27
H15...0HH -5.92 -5.60 0.32 2.58 2.72 0.14
Hl161...O0HH -0.93 -3.85 -2.91 6.76 2.77 -3.99
H162...0HH -6.21 -5.94 0.27 2.41 2.58 0.17
H171...OHH -6.33 -6.45 -0.12 2.39 2.56 0.17
H172...O0HH -7.05 -6.57 0.48 2.21 2.49 0.28
H13...OHH -15.10 -14.82 0.28 1.89 1.85 -0.04
03..HOH -3.40 -3.59 -0.19 2.06 1.85 -0.21
020...HOH -2.21 -2.44 -0.23 2.16 1.88 -0.28
Ol...HOH -3.19 -3.36 -0.17 2.20 2.26 0.06
021...HOH -2.41 -2.56 -0.15 2.11 1.93 -0.18
AD -0.09
RMSD 0.68
AAE 0.39
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Figure 2.9. Orientation of water molecules around cocaine
used for charge optimization.

h) Clomipramine
Twenty-four hydrates (Fig. 2.10) of clomipramine were generated to optimize the
charges. As shown in Table 2.8, most of the interaction energy differences were far away
from the ideal situation and require further optimization. The positive QM energies of the
hydrates NZ...HOH and HB23...OHH indicate that these hydrates have to be carefully
analyzed, and energies are to be recalculated. Interestingly, the interaction distances of
CL...HOH and NZ...HOH were lower than the QM distances, although energies deviated
significantly. The interaction distances of rest of the hydrates were greater than the QM

distances as expected since they were not real hydrogen bonds.
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Table 2.8. Interaction energies and distances of clomipramine - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)

HA11...OHH -6.34 -10.40 -4.06 2.33 2.46 0.13
HA12...O0HH -7.72 -10.40 -2.68 2.25 2.45 0.2
HA13...O0HH -7.39 -10.01 -2.62 2.28 2.46 0.18
HB21...OHH -6.34 -10.21 -3.87 2.52 2.46 -0.06
HB22...OHH -7.72 -9.89 -2.17 2.29 2.46 0.17
HG1...O0HH -8.06 -9.55 -1.49 2.32 2.49 0.17
HG2...O0HH -7.95 -9.18 -1.23 2.30 2.51 0.21
HDI1...OHH -5.60 -5.96 -0.36 2.65 2.67 0.02
HD2...O0HH -6.05 -7.74 -1.69 2.36 2.58 0.22
HE1...OHH -7.15 -6.14 1.01 2.36 2.56 0.2
HE2...OHH -5.60 -4.16 1.44 2.48 2.95 0.47
HD4...OHH -5.88 -2.31 3.57 2.54 431 1.77
HE4...OHH -3.92 -1.84 2.08 2.43 2.74 0.31
HZ2...OHH -4.52 -1.89 2.63 2.32 2.70 0.38
HES...OHH -5.27 -1.86 341 2.37 2.73 0.36
HEI11...OHH -5.00 -1.58 3.42 2.54 2.80 0.26
HEI12...OHH -5.46 -1.17 4.29 3.35 3.18 -0.17
HE21...O0HH -3.70 -1.06 2.64 2.60 2.85 0.25
HE22...O0HH -3.64 -0.46 3.18 2.51 2.88 0.37
HE3...OHH -4.09 -1.44 2.65 2.44 2.74 0.3
HZ1...OHH -3.82 -1.71 2.11 2.42 2.72 0.3
HD3...0HH -5.21 -1.92 3.29 2.86 2.96 0.1
CL..HOH 6.04 -1.71 -7.75 2.75 2.34 -0.41
NZ...HOH 7.45 0.95 -6.5 3.58 3.39 -0.19
AD 0.05
RMSD 3.40
AAE 291
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Figure 2.10. Orientation of water molecules around
clomipramine used for charge optimization.

i) Imipramine
Twenty-six monohydrates (Fig. 2.11) of imipramine were generated, and charges were
adjusted to match the interaction energies. The interaction energy differences of the real
hydrates (HB1...OHH and NZ...HOH) were below 1.29 kcal/mol. Half of the remaining
hydrates were close to the ideal range and the rest deviated significantly (Table 2.9). The
interaction distances of the real hydrogen bonds were smaller than the QM distances;

whereas the distances of remaining hydrates were greater than QM, except for a few.
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Table 2.9. Interaction energies and distances of imipramine - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
HAI11...OHH -9.78 -9.75 0.03 2.22 2.46 0.24
HA12...O0HH -9.20 -9.71 -0.51 2.25 2.46 0.21
HA13...O0HH -9.74 -9.93 -0.19 2.23 2.46 0.23
HB21...OHH -9.21 -9.59 -0.38 2.27 2.47 0.2
HB22...O0HH -9.21 -9.83 -0.62 2.27 2.47 0.2
HB23...O0HH -6.62 -8.95 -2.33 2.18 2.48 0.3
HG1...OHH -9.59 -8.91 0.68 2.26 2.50 0.24
HG2...OHH -8.80 -9.19 -0.39 2.32 2.50 0.18
HDI1...OHH -7.11 -7.35 -0.24 2.53 2.60 0.07
HD2...OHH -3.92 -4.54 -0.62 4.30 3.26 -1.04
HE1...OHH -4.69 -3.81 0.88 2.61 3.01 0.4
HE2...OHH -5.14 -3.71 1.43 2.95 2.70 -0.25
HD3...0HH -4.16 -1.89 2.27 2.81 2.95 0.14
HD4...OHH -3.74 -3.19 0.55 2.56 2.86 0.3
HE6...OHH -3.64 -2.48 1.16 2.53 2.72 0.19
HZ2...OHH -3.44 -2.11 1.33 2.59 2.71 0.12
HES...OHH -3.03 -1.78 1.25 2.94 2.74 -0.2
HEI11...OHH -3.05 -1.48 1.57 2.62 2.81 0.19
HE12...O0HH -3.71 -1.31 2.40 2.62 3.10 0.47
HE21...O0HH -4.41 -0.31 4.10 2.57 2.90 0.33
HE22...O0HH -4.09 -1.07 3.02 2.70 2.83 0.13
HZ1...OHH -4.06 -1.69 2.37 2.52 2.72 0.20
HE3...OHH -4.19 -1.41 2.78 2.55 2.74 0.19
HE4...OHH -3.97 -1.85 2.12 2.58 2.74 0.16
HB1...OHH -17.17 -18.46 -1.29 1.86 1.80 -0.06
NZ...HOH -0.79 -0.10 0.69 3.29 2.73 -0.56
AD 0.84

RMSD 1.49

AAE 1.20
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Figure 2.11. Orientation of water molecules around
imipramine used for charge optimization.

j) Desipramine
Twenty-four monohydrates of desipramine were generated to optimize the charges (Fig.
2.12). The interaction energy differences of more than half of the hydrates deviated
significantly from the ideal situation (Table 2.10), including the real hydrogen bonds. The
interaction distances of the hydrates NZ...HOH, HBI1...OHH, and HB2...OHH were
lower than the QM distances, whereas for the rest they were greater than QM distances.
The QM interaction distance of the hydrate HE22...OHH was huge (6.68A), probably due

to the bad atom position.
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Table 2.10. Interaction energies and distances of desipramine - water complexes in different
geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
HAI11...OHH -10.02 -9.78 0.24 2.20 2.46 0.26
HA12...OHH -2.74 -4.30 -1.56 1.94 2.27 0.33
HA13...O0HH -9.54 -9.94 -0.4 2.24 2.45 0.21
HGI1...OHH -9.69 -9.52 0.17 2.24 2.48 0.24
HG2...OHH -9.99 -9.24 0.75 2.23 2.48 0.25
HDI1...OHH -4.11 -5.03 -0.92 5.74 4.08 -1.66
HD2...OHH -7.39 -7.21 0.18 2.5 2.59 0.09
HEIl...OHH -5.03 -3.98 1.05 2.59 2.70 0.11
HE2...OHH -4.81 -3.56 1.25 3.04 3.08 0.04
HE3...OHH -4.49 -1.91 2.58 2.54 2.73 0.19
HE4...OHH -4.31 -2.71 1.6 2.57 2.72 0.15
HES...OHH -4.02 -1.44 2.58 2.56 2.74 0.18
HE6...OHH -3.73 -1.89 1.84 2.59 2.74 0.15
HZ1...O0HH -4.36 -2.25 2.11 2.51 2.71 0.2
HZ2...OHH -3.92 -1.73 2.19 2.53 2.72 0.19
HEI11..OHH -3.49 -0.37 3.12 2.56 2.89 0.33
HE12...OHH -4.00 -1.12 2.88 2.61 2.83 0.22
HD3...O0HH -4.32 -2.96 1.36 2.79 2.88 0.09
HD4...OHH -4.08 -2.45 1.63 2.75 2.9 0.15
HE21...OHH -4.40 -1.58 2.82 2.64 2.81 0.17
HE22...OHH -3.12 -1.51 1.61 6.68 3.06 -3.62
NZ...HOH -1.56 -0.20 1.36 3.27 2.89 -0.38
HBI1...OHH -17.67 -20.41 -2.74 1.84 1.75 -0.09
HB2...OHH -17.54 -20.30 -2.76 1.85 1.75 -0.1
AD 0.95

RMSD 1.66

AAE 1.30

65



Figure 2.12. Orientation of water molecules around desipramine
used for charge optimization.

k) R-Fluoxetine
Twenty-one hydrates of R-fluoxetine were generated to optimize the charges (Fig. 2.13
and Table 2.11). The interaction energy difference of the hydrate H33...OHH was huge,
probably due to the bad atom position. The interaction distances of real hydrogen bonds
(O15...HOH, H36...OHH, H37...OHH, and H38...OHH) and also F12..HOH,
F13...HOH, and F14...HOH were below QM distances; whereas, for most of the hydrates,

they were greater than QM distances.
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Table 2.11. Interaction energies and distances of fluoxetine (R) - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H33...0HH 11.70 -8.23 -19.93 2.23 2.75 0.52
H34...O0HH -5.80 -9.77 3.97 3.14 2.46 -0.68
H30...OHH -7.72 -5.49 2.23 2.46 3.39 0.93
H31...OHH -6.72 -7.76 -1.04 2.66 2.56 0.1
H17...0HH -6.98 -3.59 3.39 242 2.73 031
H20...OHH -4.45 -2.93 1.52 2.68 3.53 0.85
H22...O0HH -3.99 -2.06 1.93 2.44 2.74 0.3
H24...O0HH -4.02 -1.83 2.19 2.41 2.72 031
H26...O0HH -4.12 -1.55 257 243 2.73 0.3
H28...O0HH -4.99 -0.35 4.64 2.48 3.01 0.53
H12...OHH -6.27 -2.93 3.34 2.48 2.75 027
H14...OHH -4.36 -4.24 0.12 2.33 2.58 0.25
H9...OHH -6.27 -1.76 451 2.50 3.5 1
H7...OHH -4.41 -4.18 0.23 2.33 2.58 0.25
F12..HOH 3.64 -1.82 _5.46 2.18 2.06 -0.12
F13..HOH 2.96 -1.33 -4.29 2.16 1.96 0.2
F14..HOH 4.80 -1.31 6.11 2.21 1.96 -0.25
0O15...HOH 2.66 -5.28 -7.94 2.33 1.74 -0.59
H36...O0HH -17.75 -22.53 -4.78 1.81 1.71 -0.1
H37...OHH -17.87 -22.58 471 1.82 1.72 0.1
H38...O0HH -17.48 -22.38 4.9 1.82 1.71 20.11
AD -1.73

RMSD 4.42

AAE 5.72
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Figure 2.13. Orientation of water molecules around R-fluoxetine
used for charge optimization.

1) S-Fluoxetine
Twenty-one hydrates of R-fluoxetine were generated to optimize the charges (Fig. 2.14
and Table 2.12). The interaction energy difference of the hydrate H12...OHH was huge
due to the bad atom position. The interaction distances of the real hydrogen bonds
(H36...OHH, H37...OHH, and H38...OHH) and also F12..HOH, F13...HOH, and
F14..HOH were below QM distances (except O15...HOH), whereas the distances of the

rest of the hydrates were greater than QM distances.

68



Table 2.12. Interaction energies and distances of fluoxetine (S) - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H33...0HH -6.71 -5.49 1.22 2.36 3.83 1.47
H34...OHH -7.57 -5.76 1.81 2.03 2.58 0.55
H30...OHH -1.78 -7.20 0.58 2.7 2.61 -0.09
H31...0HH -7.27 -4.92 235 2.34 4.27 1.93
H17...O0HH -5.87 -3.30 2.57 2.36 2.76 0.4
H20...OHH 435 -3.36 0.99 2.36 2.72 0.36
H22...OHH 417 -2.49 1.68 24 2.71 031
H24...OHH 4.15 -2.33 1.82 245 2.70 0.25
H26...O0HH 4725 -2.38 1.87 2.29 2.71 0.42
H28...O0HH -5.08 -2.12 2.96 2.51 3.6 1.09
H12...OHH 30.09 -3.20 -33.29 2.42 2.77 035
H14...OHH -3.66 -4.22 -0.56 24 2.58 0.18
H9...OHH 331 -3.65 034 2.41 2.77 0.36
H7...O0HH -3.75 -4.21 -0.46 245 2.58 0.13
F12..HOH 3.92 -1.56 548 2.19 1.97 -0.22
F13..HOH 4.45 -0.58 -5.03 2.19 2.0 -0.19
F14..HOH 2.69 0.45 224 2.15 2.05 -0.1
O15...HOH -5.72 -1.32 4.4 233 2.69 0.36
H36...O0HH 1775 -22.32 4.57 1.81 1.71 0.1
H37...0HH -17.68 -22.49 481 1.82 1.71 -0.11
H38...OHH -17.56 -22.17 461 1.82 1.72 -0.1
AD -0.29

RMSD 3.08

AAE 2.54
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Figure 2.14. Orientation of water molecules around
S-fluoxetine used for charge optimization.

m) R-Citalopram
A total of twenty-five monohydrates (Fig. 2.15) of R-citalopram were generated to
optimize the partial charges. The interaction energy differences of the three real hydrates
(N1...HOH, H15...0HH and O11...HOH) and F27..HOH were below 1.4 kcal/mol
(Table 2.13). The interaction energy differences of half of the remaining twenty-one
hydrates were in the ideal range and rest of them deviated significantly. The interaction
distances of the three real hydrogen bonds and F27..HOH were lower than the QM
distances. The distances of half of the remaining hydrates were also lower than the QM

distances, whereas the distances of the other half were greater than QM.
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Table 2.13. Interaction energies and distances of citalopram (R) - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
_geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)

H17...O0HH -8.79 -11.56 -2.77 2.23 1.99 -0.24
H18...OHH -2.08 -8.60 -6.52 2.03 1.90 -0.13
H19...O0HH -8.05 -10.72 -2.67 2.28 2.01 -0.27
H21...OHH -8.88 -11.11 -2.23 1.87 2.00 0.13
H22...O0HH -8.58 -10.66 -2.08 223 2.00 -0.23
H23...0HH -7.62 -9.56 -1.94 2.24 2.23 -0.01
H36...0HH -8.24 -6.78 1.46 2.45 2.66 0.21
H37...O0HH -0.91 -8.18 -7.27 2.36 3.53 1.17
H34...OHH -5.12 -4.95 0.17 4.68 2.70 -1.98
H35...0HH -6.30 -6.22 0.08 2.54 2.67 0.13
H32...O0HH -6.16 -5.26 0.9 2.58 2.74 0.16
H33...OHH -4.29 -4.46 -0.17 2.67 2.61 -0.06
H25...0HH -1.94 -1.79 0.15 2.528 2.95 0.422
H26...OHH -3.64 -1.62 2.02 3.04 2.73 -0.31
H29...O0HH -4.89 -3.41 1.48 2.37 2.74 0.37
H28...OHH -3.77 -1.90 1.87 2.57 2.53 -0.04
H30...0HH -4.15 -4.40 -0.25 2.37 2.66 0.29
H31...O0HH -3.92 -5.49 -1.57 2.62 2.55 -0.07
H8.....OHH -5.76 -5.46 0.3 2.46 2.40 -0.06
H4....OHH -5.52 -4.99 0.53 2.27 2.40 0.13
H5....OHH -6.12 -5.08 1.04 2.28 2.60 0.32
F27..HOH -1.02 -2.42 -1.4 2.38 1.95 -0.43
NI1....HOH -2.87 -3.16 -0.29 2.27 2.00 -0.27
H15...0HH -15.33 -13.95 1.38 2.29 1.85 -0.44
O11...HOH -4.05 -3.56 0.49 1.99 1.81 -0.18
AD -0.69

RMSD 2.35

AAE 1.78
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Figure 2.15. Orientation of water molecules around
R-citalopram used for charge optimization.

n) S-Citalopram
Twenty-five monohydrates (Fig. 2.16) of S-citalopram were generated and optimized the
charges. Although the interaction energy differences of half of the hydrates are in the
ideal range, the remaining half deviated significantly (Table 2.14). The interaction
distances of the real hydrates (H15...OHH, N1...HOH, and O11...HOH) and F27.. HOH
were smaller than the QM interaction distances, whereas the distances of the rest were

greater, except for six hydrates (Table 2.14).
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Table 2.14. Interaction energies and distances of citalopram (S) - water complexes in
different geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H17...O0HH -8.29 -11.41 -3.12 2.22 1.99 -0.23
H18...O0HH -8.06 -10.42 -2.36 2.23 1.99 -0.24
H19...OHH -8.19 -10.37 2.18 2.23 2.01 -0.22
H21...OHH -8.28 -11.02 -2.74 2.22 2.00 -0.22
H22...O0HH 8.17 -10.54 237 2.23 2.00 20.23
H23...O0HH -6.32 -8.60 -2.28 2.24 2.16 -0.08
H37...O0HH -8.15 -6.19 1.96 2.28 2.63 0.35
H34...0HH 1.41 -4.16 -5.57 2.38 4.02 1.64
H35...O0HH -3.99 -4.76 -0.77 2.77 2.82 0.05
H32...OHH -5.56 -5.32 0.24 2.59 2.66 0.07
H33...O0HH -3.68 -4.10 -0.42 2.57 2.67 0.10
H25...O0HH -3.72 -3.63 0.09 3.75 3.89 0.14
H26...0HH -3.19 -1.99 1.20 2.39 2.72 0.33
H29...0HH -2.70 -3.35 -0.65 2.70 2.90 0.20
H28...O0HH -3.07 -2.28 0.79 241 2.53 0.12
H30...OHH -3.11 -4.09 -0.98 2.49 2.61 0.12
H31...OHH -3.01 -4.97 -1.96 2.48 2.56 0.08
HS.....OHH -4.07 -4.45 -0.38 2.29 2.41 0.12
H4....OHH -3.79 -4.07 -0.28 2.30 2.41 0.11
H5....OHH -3.49 -3.97 -0.48 2.52 2.64 0.12
H15...0HH -15.04 -14.72 0.32 1.87 1.85 -0.02
F27..HOH -0.60 -2.68 -2.08 2.25 1.95 -0.30
N1....HOH -2.31 -3.09 -0.78 2.28 2.01 -0.27
O11...HOH -6.41 -7.45 -1.04 2.02 1.91 -0.11
AD -0.95

RMSD 1.69

AAE 1.29
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Figure 2.16. Orientation of water molecules around S-
citalopram used for charge optimization.

0) Sertraline
Twenty monohydrates of sertraline were generated to optimize the charges (Fig. 2.17).
Except for a few, most of the interaction energy differences deviated significantly from
the ideal range (Table 2.15). The interaction distances of real hydrogen bonds
(H6...OHH and H7...OHH), CL34..HOH, and CL36..HOH are lower than the QM
distances, and the rest of them are greater than QM distances.
After optimizing the partial atomic charges; bonds, angles, dihedrals and

impropers were optimized.
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Table 2.15. Interaction energies and distances of sertraline - water complexes in different
geometries.

Interaction AE AE AAE r r Ar
geometry (HF) (CGenFF) (HF-CGenFF) (HF) (CGenFF) (HF-CGenFF)
H2...OHH -7.28 -10.05 -2.77 2.28 2.46 0.18
H3...OHH -7.63 -10.05 -2.42 2.23 2.45 0.22
H4...OHH -6.25 -9.19 -2.94 2.58 2.58 0
H9...OHH -7.58 -10.10 -2.52 2.31 2.48 0.17
H17...OHH -5.49 -3.61 1.88 2.35 2.65 0.30
H14...OHH -4.60 -7.09 -2.49 3.08 2.92 -0.16
H15...O0HH -4.78 -4.05 0.73 243 2.64 0.21
HI11...OHH -6.06 -7.62 -1.56 2.50 2.61 0.11
HI12...OHH -4.92 -4.98 -0.06 2.37 2.57 0.20
H21...OHH -5.00 -5.55 -0.55 2.47 2.64 0.17
H23...OHH -4.18 -3.10 1.08 2.39 2.67 0.28
H25...O0HH -4.22 -2.70 1.52 2.37 2.68 0.31
H27...O0HH -4.31 -2.84 1.47 2.42 2.68 0.26
H30...O0HH -4.93 -4.82 0.11 2.42 2.64 0.22
H32...0HH -4.63 -4.66 -0.03 2.29 2.56 0.27
H38..HOH -1.77 -3.25 -1.48 4.90 2.67 -2.23
CL34...HOH 1.27 -0.59 -1.86 3.59 2.44 -1.15
CL36...HOH 1.41 -0.76 -2.17 3.12 2.42 -0.70
H6...OHH -14.04 -20.07 -6.03 1.86 1.75 -0.11
H7...OHH -3.45 -7.08 -3.63 4.45 4.01 -0.44
AD -1.18

RMSD 2.03

AAE 1.68

75



Figure 2.17. Orientation of water molecules around
sertraline used for charge optimization.

2.3.2. Geometry optimization

After the charges were optimized, the geometries were optimized using MP2/6-31G(d)
optimized equilibrium geometry as the target data. Bond lengths followed by bond
angles, dihedrals, and impropers were optimized.

CGenFF optimized equilibrium geometry for almost all the compounds were reasonably
in good agreement with the MP2 optimized equilibrium geometry.

a) Amphetamine

Amphetamine geometry was optimized using the MP2/6-31G(d) equilibrium geometry as
the target. The CGenFF geometry fits well with the QM geometry. All the bond

differences were below 0.03A, and all the angle differences were below 1.8A, except for
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angles C5-N1-H3 and N1-C5-H6, which were 2.1° and 2.6°, respectively. All the dihedral
and improper angle differences were below 3°, except for the C5-C7-C14-C23 and C7-
N1-C5-C10, which were 4.2° and 4.8°, respectively (Table 2.16). These results
demonstrate that CGenFF geometry matches well with the QM optimized geometry.

Table 2.16. CGenFF equilibrium geometry of amphetamine compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
N1-H2 1.03 1.04 -0.01 H2-C5-N1 110.4 109 1.4
N1-H3 1.03 1.04 -0.01 C5-N1-H3 111.9 109.8 2.1
N1-H4 1.03 1.04 -0.01 C5-N1-H4 111.6 109.8 1.8
NI1-C5 1.53 1.51 0.02 NI1-C5-C7 108.1 108.3 -0.2
C5-H6 1.09 1.12 -0.03 NI-C5-C10 108.0 108.3 -0.3
C5-C10 1.52 1.53 -0.01 NI-C5-H6 104.7 107.3 -2.6
Cl10-H11 1.09 1.11 -0.02  C5-C7-Cl14 110.1 110.3 -0.2
Cl10-H12 1.09 1.11 -0.02  C5-C7-HS8 109.8 111.2 -1.4
C10-H13 1.10 1.11 -0.01 C5-C7-H9 109.5 111.2 -1.7
Cs-C7 1.53 1.54 -0.01 NI-C5-C10 108.0 108.5 -0.53
C7-H8 1.10 1.11 -0.01 C5-C10-H11 108.7 110.5 -1.8
C7-H9 1.10 1.11 -0.01 C5-C10-H12 112.0 111.2 0.8
C7-Cl4 1.51 1.50 0.01 C5-C10-H13 111.1 111.31 -0.2
C14=C15 1.40 1.40 0.00 C7-C14-C23 119.8 119.8 0.0
C15-H16 1.09 1.08 0.01 C7-C14-C15 120.7 120.6 0.1
C15-C17 1.40 1.40 0.00 C14-C15-C17 120.2 120.4 -0.2
C17-H18 1.09 1.08 0.01 Cl14-C15-H16 120.0 120.2 -0.2
C17=C19 1.40 1.40 0.00 C15-C17-C19 120.1 119.6 0.5
C19-H20 1.09 1.08 0.01 C15-C17-H18 119.8 120.5 -0.7
C19-C21 1.40 1.40 0.00 C17-C19-C21 120.0 120.00 0.0
C21-H22 1.09 1.08 0.01 C17-C19-H20 120.1 119.8 0.3
C21=C23 1.39 1.40 -0.01 C23-C19-C21 120.0 119.7 0.3
C23-H24 1.09 1.08 0.01 C21-C14-C23 120.2 120.3 -0.1
C23-C14 1.40 1.40 0.00 C14-C23-H24 120.2 120.4 -0.2
Dihedrals/° Impropers/°
H2-N1-C5-C7 62.7 59.7 3.0 H2-C5-N1-H3 119.6 119.7 -0.1
NI1-C5-C7-C14 174.4 175.5 -1.1  H2-C5-NI1-H4 -119.4 -119.6 0.2
NI1-C5-C10-H11 -178.5  -176.7 -1.8  Cl10-N1-C5-H6 -118.2 -119.6 1.4
C5-C7-C14-C23 -75.8 -71.6 -42  Cl4-C5-C7-H8 -121.0 -118.3 2.7
C7-C14-C15-C17 -178.3 -179 0.7  HI11-C5-C10-H12 119.2 118.9 0.3
C14-C15-C17-C19 0.5 0.1 04  HI11-C5-C10-H13 -118.4 -119.7 1.3
C15-C17-C19-C21 -0.7 -0.2 -0.5  C23-C7-C14-C15 177.9 178.9 -1.0

Cl17-C14-C15-H16  -178.5 -179.4 0.9
C19-C15-C17-H18  -179.9 -179.8 -0.1
C21-C17-C19-H20  -179.1 -179.5 0.4
C23-C19-C21-H22  -179.7 -179.6 -0.1
C21-C14-C23-H24  178.0 178.7 -0.7
C7-N1-C5-C10 -124.5 -119.7 -4.8
H8-C5-C7-H9 -117.8 -120.9 3.1
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b) Dopamine
The MP2 optimized geometry was used as a target to optimize the CGenFF structure. The
bond length and angle differences were less than 0.04A and 3.2°, respectively, except for
the C2-C3-04, which was 7.2°. All the dihedral differences were less than 3.5°, except for
C6-C9-C12-N15 and C9-C12-N15-H16, which were 6.1 and 13.2° respectively. The
impropers were less than 4.4°, except for the C6-C8-C7-H7, which was 6.4° (Table 2.17).

Table 2.17. CGenFF equilibrium geometry of dopamine compared to MP2 level.

Coordinate MP2  CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°

O1-H1 0.98 0.96 0.02 H1-01-C2 108.4 107.2 1.2
01-C2 1.35 1.39 -0.04 01-C2-C8 119.7 117.50 2.2
C2-C3 1.41 1.41 0 01-C2-C3 120.8 122.3 -1.5
C3-04 1.37 1.40 -0.03 C2-C3-C5 120.6 119.6 1.0
0O4-H4 0.97 0.96 0.01 C2-C3-04 113.9 121.0 -7.2
C3=Cs 1.39 1.40 -0.01 C3-0O4-H4 110.8 109.06 1.7
C5-H5 1.09 1.08 0.01 C3-C5-Cé 120.1 120.2 -0.1
Cs-Co6 1.41 1.40 0.01 C3-C5-H5 119.5 120.6 -1.1
C6=C7 1.40 1.40 0.00 C2-C8-C7 119.9 119.9 0

C7-H7 1.09 1.08 0.01 C2-C8-H8 118.5 118.9 -0.4
C7-C8 1.40 1.40 0.00 C6-C8-C7 120.9 120.2 0.7
C8-H8 1.09 1.08 0.01 C8-C7-H7 118.8 119.7 -1.1
C2=C8 1.39 1.40 -0.01 C7-C5-C6 119.0 119.9 -0.9
C6-C9 1.51 1.51 0.00 C5-C6-C9 120.1 119.9 0.2
C9-H10 1.10 1.11 -0.01 C6-C9-C12 110.6 112.3 -1.7
C9-H11 1.10 1.11 -0.01 C6-C9-H10 110.6 109.6 1.0
C9-C12 1.53 1.54 -0.01 C6-C9-H11 111.6 108.4 3.2
C12-H13 1.09 1.10 -0.01 C9-C12-N15 108.5 110.6 2.1
Cl12-H14 1.09 1.10 -0.01 C9-C12-H13 111.1 111.5 -0.4
CI12-N15 1.51 1.48 0.03 C9-C12-H14 113.7 110.7 3.0
N15-H15 1.04 1.04 0.00 C12-N15-H16 113.0 111.1 1.9
N15-H16 1.03 1.04 -0.01 Cl12-N15-H17 111.4 109.5 1.9
NI15-H17 1.03 1.04 -0.01 CI12-N15-H15 107.9 108.9 -1.0

Dihedrals/® Improper dihedrals/°

H1-01-C2-C8 176.0 177.1 -1.1  C8-01-C2-C3 -177.7 -179.2 2.5
01-C2-C3-C5 -178.5  -179.6 1.1 C5-C2-C3-04 177.5 180.1 -2.6
C2-C3-04-H4 171.0 167.5 3.5 C6-C3-C5-HS 184.3 181.0 3.3
C2-C3-C5-C6 -4.0 -0.68 -3.3  C7-C2-C8-H8 180.3 178.7 1.6
01-C2-C8-C7 179.4 180.1 -0.7  C6-C8-C7-H7 172.7 179.1 -6.4
C5-C6-C9-C12 -79.6 -77.8 -1.8  C7-C5-C6-C9 173.7 176.3 -2.6
C6-C9-C12-N15 -55.2 -61.3 6.1 Cl12-C6-C9-H10 -122.1 -123.5 1.4
C9-C12-N15-H16  163.6 176.8 -13.2  HI10-C6-C9-H11 -118.4 -115.8 -2.6

N15-C9-C12-H13 116.3 120.5 -4.2
H13-C9-C12-H14 124.1 119.7 4.4
H16-C12-N15-H17  121.5 120.9 0.6
H16-C12-N15-H15 -121.2 -120.5 -0.7
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¢) Serotonin

Table 2.18. CGenFF equilibrium geometry of serotonin compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2  CGenFF Diff
Bond lengths/A Angles/°
N16-H17 1.03 1.04 -0.01 H1-01-Cl 109.6 107.4 2.2
N16-H18 1.03 1.04 -0.01 0O1-C1-C2 116.6 117.9 -1.3
N16-H19 1.04 1.04 0.00 Ol1-C1-Co 122.2 120.7 1.5
N16-C13 1.51 1.50 0.01 Cl1-C2-C3 118.5 119.1 -0.6
C13-H14 1.09 1.10 -0.01 CI1-C2-H2 118.0 118.2 -0.2
C13-H15 1.09 1.10 -0.01 C2-C3-C7 133.7 132.1 1.6
C13-C10 1.53 1.55 -0.02 C2-C3-C4 119.3 120 -0.7
C10-H11 1.10 1.11 -0.01 CI1-C6-C5 121.3 119.2 2.1
C10-H12 1.10 1.11 -0.01 CI1-C6-H6 119.4 120.1 -0.7
C10-C7 1.50 1.51 -0.01  C4-C6-C5 117.6 119.3 -1.7
C7-C3 1.44 1.44 0.00  C6-C5-H5 120.6 122.2 -1.6
C3=C4 1.42 1.40 0.02 C3-C7-Cl10 126.2 123.3 2.9
C4-N9 1.38 1.36 0.02 C3-C7-C8 106.6 107.2 -0.6
N9-H9 1.01 1.01 0.00 C7-C8-N9 109.4 107.5 1.9
N9-C8 1.37 1.38 -0.01 C7-C8-H8 129.8 128.6 1.2
C8-HS8 1.08 1.08 0.00 C4-C8-N9 109.9 111.3 -1.4
C8=C7 1.38 1.37 0.01  C8-N9-H9 124.8 126.6 -1.8
C3-C2 1.41 1.39 0.02 C7-C10-C13 111.2 114.0 -2.8
C2-H2 1.09 1.08 0.01 C7-C10-H11 110.9 108.9 2
C2=C1 1.39 1.39 0.00 C7-C10-H12 111.1 108.7 2.4
C1-01 1.37 1.40 -0.03 Cl0-C13-N16 109.1 111.6 -2.5
O1-H1 0.97 0.96 0.01 C10-C13-H14 110.6 110.0 -0.6
C6-Cl 1.42 1.39 0.03  C10-C13-H15 113.7 111.0 2.7
C6-H6 1.09 1.08 0.01  H17-C13-N16 112.7 111.6 1.1
C5=C6 1.39 1.41 -0.02 CI3-N16-H19 109.2 107.8 1.4
C5-H5 1.09 1.08 0.01 CI13-N16-H18 111.5 110.9 0.6
C5-C4 1.40 1.38 0.02
Dihedrals/® Impropers/°

H1-01-C1-C2 173.6 167.9 57 C2-01-Cl1-Cé6 178.8 180.5 -1.3
01-C1-C2-C3 180.1 179.6 0.5 C3-C1-C2-H2 172.7 175.1 -2.4
C1-C2-C3-C7 178.9 182.2 33  C7-C2-C3-C4 180.8 180.4 0.4
01-C1-Co6-C5 178.9 178.2 0.7  C5-C1-C6-Hé6 182.0 181.2 10.8
C2-C3-C7-C10 54 7.6 -2.2 C4-C6-C5-H5 179.0 180.3 -1.3
C3-C7-C8-N9 -0.2 -1.5 1.3 C10-C3-C7-C8 175.8 174.4 1.4
C3-C7-C10-C13 83.2 71.7 5.5 NO9-C7-C8-H8 178.6 179.6 -1.0
C7-C10-C13-N16 -55.8 -60.8 5 C4-C8-N9-H9 177.0 174.5 2.5

C10-C13-N16-H17  165.1 160.1 50 C13-C7-C10-H11 -122.8 -123.7 0.9
HI11-C7-C10-H12 -118.0  -115.7 -2.3
N16-C10-C13-H14 116.3 119.7 -3.4
H14-C10-C13-H15 123.9 119.4 4.5
H17-C13-N16-H18 121.3 122.4 -1.1
H17-C13-N16-H19 -121.7  -119.8 -1.9

The differences in bond lengths and angles between the MP2 and CGenFF were less than

0.03A and 2.9°, respectively; whereas the differences of dihedrals and impropers were
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less than 5.7° and 10.8°, respectively (Table 2.18). This data shows that CGenFF structure

was optimized and matches well with the QM optimized structure.

d) Methylphenidate
In the case of methylphenidate, the CGenFF geometry fits well with the QM geometry.
The bond length and bond angle deviations were below 0.03A and 2.82°, respectively.
The dihedral differences were below 5.1°, except for C5-C7-C8-09 and C7-C8-09-C10,
which were 10.1° and 7.26°, respectively. Improper deviations were below 4.49°, except

for the O9-C7-C8-08, which was 10.8° (Table 2.19).
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Table 2.19. CGenFF equilibrium geometry of methylphenidate compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
C1-H1 1.09 1.08 0.01 C2-Ce6-Cl 120.5 120.0 0.46
Cl1-C2 1.40 1.40 0.00 C6-Cl-H1 119.5 120.8 -1.3
C2-H2 1.09 1.08 0.01 C1-C6-C5 119.9 120.5 -0.62
C2=C3 1.40 1.40 0.00 Cl1-Co6-Ho6 119.4 118.7 0.65
C3-H3 1.09 1.08 0.01 C6-C5-C7 122.4 122.7 -0.26
C3-C4 1.40 1.40 0.00 C6-C5-C4 119.4 118.8 0.51
C4-H4 1.09 1.08 0.01 C5-C4-C3 120.5 120.6 -0.12
C4=C5 1.40 1.41 -0.01 C5-C4-H4 120.0 120.3 -0.32
C5-Co6 1.40 1.41 -0.01 C2-C4-C3 119.9 129.0 -0.09
C6-Ho6 1.09 1.08 -0.01 C4-C3-H3 119.8 120.2 -0.40
C6=Cl1 1.40 1.40 0.00 C3-C1-C2 119.8 119.9 -0.14
C5-C7 1.51 1.52 -0.01 CI1-C2-H2 120.1 120.0 0.1
C7-H7 1.10 1.11 -0.01 C5-C7-Cl11 109.5 107.5 2.01
C7-C8 1.53 1.53 0.00 C5-C7-C8 113.9 113.3 0.59
C8=08 1.21 1.21 0.00 C5-C7-H7 107.4 108.7 -1.34
C8-09 1.38 1.35 0.03 C7-C8-09 110.1 110.0 0.11
09-C10 1.46 1.45 0.01 C7-C8-08 127.0 126.4 0.62
C10-H101 1.09 1.11 -0.02 C8-09-C10 113.9 111.2 2.74
C10-H102 1.09 1.11 -0.02  09-C10-H101 105.0 107.7 -2.68
C10-H103 1.09 1.11 -0.02  09-C10-H102 109.4 108.5 0.92
C7-Cl11 1.54 1.51 0.03  09-C10-H103 109.8 108.6 1.25
Cl11-H11 1.10 1.12 -0.02 C7-C11-N12 110.1 109.3 0.76
C11-N12 1.52 1.51 0.01 C7-Cl11-C24 115.1 114.5 0.61
N12-H13 1.03 1.01 0.02 C7-Cl1-H11 107.6 110.4 -2.82
N12-H14 1.04 1.02 0.02 CI11-N12-C15 114.2 116.2 -2.04
N12-C15 1.51 1.51 0.00 CI11-NI12-H13 109.0 108.8 0.24
C15-H16 1.09 1.10 -0.02 CI11-N12-H14 106.1 103.5 2.63
C15-H17 1.09 1.10 -0.02 NI12-C15-C18 109.7 110.8 -1.16
C15-C18 1.52 1.53 -0.01 NI12-C15-H16 106.4 105.1 1.24
C18-H19 1.10 1.11 -0.01 NI12-C15-H17 107.1 105.3 1.75
C18-H20 1.09 1.11 -0.02 Cl15-C18-C21 110.8 109.7 1.07
C18-C21 1.53 1.54 -0.01 C15-C18-H20 108.2 109.8 -1.62
C21-H22 1.09 1.11 -0.02 CI15-C18-H19 109.6 110.2 -0.65
C21-H23 1.10 1.11 -0.01 C24-C18-C21 110.7 110.9 -0.25
C21-C24 1.53 1.54 -0.01 Cl18-C21-H22 110.0 109.7 0.31
C24-H25 1.09 1.11 -0.02 CI18-C21-H23 109.8 109.8 0.0
C24-H26 1.10 1.11 -0.01 C21-C11-C24 111.9 112.9 -0.96
C24-Cl11 1.52 1.55 -0.03 C11-C24-H26 109.3 109.9 -0.63
Dihedrals/® Impropers/°
H1-C1-C6-C5 -179.9  -179.0 -0.9 (C2-C6-Cl-H1 -179.9 -179.4 -0.5
C1-Co6-C5-C7 -176.6  -177.2 0.6 C5-C1-C6-Ho6 176.8 178.8 -2.05
C6-C5-C4-C3 0.3 0.3 0 C7-C6-C5-C4 176.1 176.8 -0.67
C6-C5-C7-Cl11 83.9 88.6 -4.67 C3-C5-C4-H4 178.5 179.1 -0.6
C5-C7-C8-09 174.7 164.6 10.1  C2-C4-C3-H3 179.6 179.5 0.1
C7-C8-09-C10 176.4 169.1 726  C3-C1-C2-H2 -178.9 -179.3 0.4
C5-C7-C11-N12 161.4 162.7 1.31 CI11-C5-C7-C8 -127.3 -122.8 -4.49
C7-C11-N12-C15 182.7 177.6 5.1 C8-C5-C7-H7 -116.0 -116.9 0.9
CI11-N12-C15-C18  -57.0 -54.5 -2.5  09-C7-C8-08 177.7 166.8 10.8
N12-C15-C18-C21 55.7 55.9 -0.2  NI12-C7-C11-C24 123.0 124.0 -1.06
C8-09-C10-H101 181.2 179.5 1.73  H101-09-C10-H102 119.3 119.4 -0.18
Impropers/® C24-C7-C11-H11 122.9 123.5 -0.64
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C21-C15-C18-H20  122.2 120.7 1.5 C15-C11-N12-H13 123.0 126.6 -3.61
C21-C15-C18-H19 -122.0 -120.8 -1.2 CI18-N12-C15-H16 120.8 121.9 -1.1
C24-C18-C21-H22 -121.4 -121.1 -0.3  HI16-N12-C15-H17 116.3 115.8 0.5
C15-C11-N12-H14 -123.8 -121.8 -2.0  H101-09-C10-H103 -119.8 -119.7 -0.06
C21-C11-C24-H26  121.8 121.6 0.15 H22-C18-C21-H23 -117.2 -117.6 0.37
H26-C11-C24-H25  116.1 1174  -133
e) Bupropion
Table 2.20. CGenFF equilibrium geometry of bupropion compared to MP2 Level.
Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
Cl1-H1 1.09 1.08 0.01 C2-C1-Cé6 119.6 120.1 -0.5
Cl1=C2 1.40 1.40 0.00 C6-Cl-H1 120.7 120.1 0.6
C2-CL2 1.73 1.74 -0.01 CI1-C2-C3 120.8 120.0 0.8
C2-C3 1.39 1.40 -0.01 CI1-C2-CL2 119.7 120.1 -0.4
C3-H3 1.09 1.08 0.01 C2-C3-C4 119.1 120.6 -1.5
C3=C4 1.41 1.40 0.01 C2-C3-H3 121.0 118.5 2.5
C4-C5 1.40 1.41 -0.01 Cl1-C6-C5 120.6 120.1 0.5
C5-HS5 1.09 1.08 0.01 C1-C6-H6 119.4 119.5 -0.1
C5=C6 1.39 1.40 -0.01  C4-C5-Cé6 119.2 120.3 1.1
C6-Ho6 1.09 1.08 0.01 C6-C5-H5 118.9 117.4 1.5
C6=Cl1 1.39 1.40 -0.01 C5-C4-C3 120.7 118.8 1.9
C4-C7 1.47 1.50 -0.03 C3-C4-C7 116.9 118.5 -1.6
C7=07 1.24 1.22 0.02 C4-C7-C8 119.9 121.8 -1.9
C7-C8 1.54 1.52 0.02 C4-C7-07 123.7 121.0 2.7
C8-H8 1.09 1.11 -0.02 C7-C8-N13 104.6 107.2 -2.6
C8-C9 1.52 1.54 -0.02  C7-C8-C9 110.6 111.8 -1.2
C9-H10 1.09 1.11 -0.02 C7-C8-H8 112.4 111.3 1.1
C9-H11 1.09 1.11 -0.02  C8-C9-H10 113.3 111.4 1.9
C9-H12 1.09 1.11 -0.02  C8-C9-Hl11 109.6 110.8 -1.2
C8-N13 1.50 1.52 -0.02  C8-C9-HI12 110.6 111.7 -1.1
N13-H14 1.04 1.02 0.02 C8-N13-Cl6 114.5 117.3 -2.8
N13-H15 1.03 1.01 0.02 C8-N13-H14 103.9 104.6 -0.7
N13-Cl16 1.50 1.51 -0.01 C8-N13-HI15 110.6 109.0 1.6
Cl6-H17 1.09 1.11 -0.02  N13-Cl16-H17 108.0 106.6 1.4
Cl16-H18 1.09 1.11 -0.02  N13-C16-H18 108.8 106.8 2.0
C16-H19 1.09 1.11 -0.02  N13-C16-H19 108.6 106.6 2.0
Dihedrals/° Impropers/°
C6-C1-C2-C3 -0.1 0.06 -0.16 C2-C6-Cl1-H1 180.0 180 0.0
C1-C2-C3-C4 0.4 0.1 0.3 C3-C1-C2-CL2 -179.9 -179.9 0.0
C2-C1-C6-C5 -0.1 -0.04 -0.06 C4-C2-C3-H3 179.7 179.8 -0.1
C3-C4-C7-C8 -168.6 -174.5 5.9 C5-C1-C6-Hé6 179.7 179.9 -0.2
C4-C7-C8-N13 -164.3 -166.9 2.6 C4-C6-C5-H5 179.4 179.9 -0.5
C7-C8-C9-H10 177.8 178.8 -1.0 C5-C3-C4-C7 -179.2 -179.2 0.0
C7-C8-N13-Cl16 85.0 88.0 3.0 C8-C4-C7-07 176.2 178.9 2.7
C8-N13-C16-H17 -57.2 -57.94 0.74  NI13-C7-C8-C9 -118.6 -119.3 0.7
Impropers/° C9-C7-C8-H8 -125.5 -124.6 -0.9
H17-N13-C16-H19  -119.3 -119.6 0.4 H10-C8-C9-H11 119.4 119.1 0.3
H17-N13-C16-H18 120.5 120.3 0.2 H10-C8-C9-H12 -121.8 -121.4 -0.4
H14-C8-N13-H15 -116.9 -112.9 -4 C16-C8-N13-H14 -117.6 -119.8 2.2
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The optimized CGenFF geometry was in good correlation with the QM geometry. The
bond length and angle deviations were below 0.03A and 2.8°, respectively. All the

dihedral and improper differences did not exceed 5.9° and 4°, respectively (Table 2.20).

f) Benztropine
The CGenFF geometry fits reasonably well with the QM geometry. Bond length and
bond angle deviations were below 0.02A and 2.6°, respectively; whereas, the dihedral
differences were below 5.1°, except for C16-C19-024-C25, 024-C25-C27-C28, and
024-C25-C38-C39, which were 9.8°, 9.1°, and 8.8° respectively. All the improper

deviations did not exceed 5.8° (Table 2.21).
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Table 2.21. CGenFF equilibrium geometry of benztropine compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°

C1-H2 1.09 1.11 -0.02 H2-N5-C1 108.6 106.5 2.1
C1-H3 1.09 1.11 -0.02 N5-C1-H3 109.2 108.1 1.1
Cl1-H4 1.09 1.11 -0.02 N5-C1-H4 108.7 106.6 2.1
C1-N5 1.49 1.50 -0.01 CI1-N5-C14 114.0 114.5 -0.5
N5-H5 1.03 1.04 -0.01 CI1-N5-Cé6 114.1 114.0 0.1
N5-C6 1.52 1.50 0.02 CI1-N5-H5 108.1 108.5 -0.4
C6-H7 1.09 1.11 -0.02 N5-Ce6-C21 107.2 109.4 2.2
Co6-C8 1.53 1.54 -0.01 N5-C6-C8 102.0 102 0

C8-H9 1.09 1.10 -0.01 N5-C6-H7 108.1 107.6 0.5
C8-H10 1.09 1.10 -0.01 C6-C8-Cl11 105.3 104.8 0.5
C8-Cl11 1.55 1.56 -0.01 C6-C8-H10 111.2 111.5 -0.3
Cl11-H12 1.09 1.10 -0.01 C11-C6-C8 105.4 104.8 0.6
C11-H13 1.09 1.10 -0.01 C6-C8-H9 109.5 111.8 2.3
Cl11-Cl14 1.54 1.54 0.00 Cl14-C8-Cl11 105.4 104.8 0.6
C14-H15 1.10 1.11 -0.01 C8-C11-H13 111.2 110.5 0.7
Cl14-N5 1.52 1.50 0.02 C8-Cl1-H12 112.6 112.4 0.2
Cl14-Cl16 1.53 1.54 -0.01 CIl11-N5-C14 101.9 101.8 0.1
Cl6-H17 1.09 1.11 -0.02 N5-C14-C16 107.0 109.3 -2.3
Cl16-H18 1.10 1.11 -0.01 N5-Cl14-H15 108.2 107.8 04
C16-C19 1.53 1.54 -0.01 Cl14-C16-C19 111.6 112.9 -1.3
C19-H20 1.10 1.11 -0.01 C14-C16-H18 110.6 109.4 1.2
C19-C21 1.53 1.54 -0.01 C14-C16-H17 109.4 110.0 -0.6
C21-H22 1.09 1.11 -0.02 C21-C16-C19 110.9 111.6 -0.7
C21-H23 1.10 1.11 -0.01 C16-C19-024 106.8 105.3 1.5
C21-Cé6 1.52 1.53 -0.01 C16-C19-H20 109.2 109.9 -0.7
C6-H7 1.09 1.10 -0.02 C19-C6-C21 111.6 112.9 -1.3
C19-024 1.42 1.42 0 C6-C21-H22 109.0 109.2 -0.2
C25-024 1.45 1.43 0.02 C6-C21-H23 110.7 109.7 1.0
C25-H26 1.10 1.11 -0.01 C19-024-C25 114.0 114.0 0.0
C25-C38 1.51 1.53 -0.02  024-C25-C27 107.7 110.3 -2.6
C38-C39 1.4 1.41 0.01 024-C25-C38 110.5 109.3 1.2
C39-H40 1.09 1.08 0.01 024-C25-H26 107.9 108.1 -0.2
C39-C41 1.39 1.40 -0.01 C25-C27-C28 118.3 118.9 -0.6
C41-H42 1.09 1.08 0.01 C25-C27-C36 122.0 122.6 -0.6
C41=C43 1.4 1.40 0 C27-C28-C30 120.3 120.8 -0.5
C43-H44 1.09 1.08 0.01 C27-C28-H29 119.8 119.8 0

C43-C45 1.40 1.40 0 C28-C30-C32 120.0 120.0 0

C45-H46 1.09 1.08 0.01 C28-C30-H31 119.8 120.0 -0.2
C45=C47 1.4 1.40 0 C30-C32-C34 119.8 120.0 -0.2
C47-H48 1.09 1.08 0.01 C30-C32-H33 120.1 120 0.1
C47-C38 1.4 1.41 -0.01 C36-C32-C34 120.4 120.0 0.4
C25-C27 1.51 1.53 -0.02  (C32-C34-H35 120.0 119.8 0.2
C27=C28 1.4 1.41 -0.01 C34-C27-C36 119.9 120.7 -0.8
C28-H29 1.09 1.08 0.01 C27-C36-H37 119.7 120.0 -0.3
C28-C30 1.39 1.40 -0.01 C25-C38-C39 120.0 121.0 -1

C30-H31 1.09 1.08 0.01 (C38-C39-C41 120.2 120.6 -0.4
C30-C32 14 1.40 0 C38-C39-H40 119.3 119.5 -0.2
C32-H33 1.09 1.08 0.01 C39-C41-C43 120.2 120 0.2
C32-C34 14 1.40 0 C39-C41-H42 119.8 120.0 -0.2
C34-H35 1.09 1.08 0.01 C41-C43-C45 120.0 120 0

C34-C36 1.4 1.40 0 C41-C43-H44 120.0 119.9 0.1
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C36-H37 1.09 1.08 0.01  C47-C43-C45 119.9 120.0 0.1

C36-C27 1.4 1.41 -0.01  C43-C45-H46 120.1 119.8 0.3
C45-C38-C47 120.4 120.5 -0.1

C38-C47-H48 119.7 120.1 -0.4

Dihedrals/® Impropers/°

H2-C1-N5-C14 -178.6  -179.1 0.5  H2-N5-C1-H3 120.0 120.2 -0.2
C1-N5-C6-C21 163.7 164.8 -1.1  H2-N5-C1-H4 -119.8 -119.5 -0.3
N5-C6-C8-C11 -27.9 -27.8 -0.1  C14-C1-N5-Cé6 116.6 118.4 -1.8
C19-024-C25-C27 -179.0  -175.5 -3.5 C14-C1-N5-H5 -121.7 -121.3 -0.4
C16-C19-024-C25 1384 128.6 9.8  C21-N5-C6-C8 119.1 117.1 2.0
024-C25-C27-C28 163.2 172.3 -9.1  C8-N5-C6-H7 120.3 120.8 -0.5
C25-C27-C28-C30  177.7 180.7 -3.0 C11-C6-C8-H10 120.5 119.6 0.9
C27-C28-C30-C32 -04 0.2 -0.6  C11-C6-C8-H9 -121.5 -122.2 0.7
024-C25-C38-C39  71.6 62.8 8.8  Cl14-C8-C11-H13 120.4 120.2 0.2
C25-C38-C39-C41 -173.6  -178.7 5.1  C14-C8-Cl11-H12 -119.9 -121.8 1.9
C38-C39-C41-C43 0.1 -0.06 0.16 C11-N5-C14-Cl16 119.4 117.2 2.2
C39-C41-C43-C45 -1.1 -0.2 -0.9  C11-N5-Cl14-H15 -120.2 -1207 0.5
Impropers/° N5-C14-C16-C19 -62.2 -58.1 -4.1
C30-C27-C28-H29 179.8 180.8 -1 C19-C14-C16-H18 121.2 121.6 -0.4
C28-C30-C32-C34 0.3 -0.06 036 C19-C14-C16-H17  -122.0 -121.5 -0.5
C34-C30-C32-H33 1795 180.1 -0.6  C21-C16-C19-024 120.8 115.0 5.8

C36-C32-C34-H35 -179.8  -179.9 0.1 C21-C16-C19-H20 -120.5 -123.5 3.0
C34-C27-C36-H37  181.5 179.7 1.8 C19-C6-C21-H22 122.2 121.3 0.9
C39-C25-C38-C47 -1742  -179.1 4.8  H22-C6-C21-H23 117.0 116.7 0.3
C41-C38-C39-H40 -179.0  -179.3 0.3 C27-024-C25-C38 -123.4 -121.3 -2.1
C43-C39-C41-H42  -1794  -179.1 -0.3  (C38-024-C25-H26 -118.8 -121.2 24
C47-C43-C45-H46  -179.3 -179.1 -0.2  (C28-C25-C27-C36 177.0 181.1 -4.1

(C45-C41-C43-H44 -178.2 -178.9 0.7

g) Cocaine
The CGenFF geometry of cocaine was optimized by fitting it against the QM optimized
geometry. The differences in bond lengths and bond angles were all below 0.03A and 3°,
respectively. The dihedral deviations did not exceed 4.5°, except for C10-C15-C19-021,
which was 18°. The improper deviations were all below 6.2° (Table 2.22), and these

deviations indicate the quality of CGenFF structure.
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Table 2.22. CGenFF equilibrium geometry of cocaine compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°

C7-H7 1.09 1.08 0.01 C9-C4-C2 122.1 119.7 24
C7=Cé6 1.40 1.40 0.00 C2-C4-C5 117.3 119.8 -2.5
C6-Ho6 1.09 1.08 0.01 C4-C5-C6 119.6 120.1 -0.4
Co6-C5 1.39 1.40 -0.01 C4-C5-H5 119.2 120.6 -1.4
C5-H5 1.09 1.08 0.01 C5-C6-C7 120.1 120.1 0.0
C5=C4 1.40 1.41 -0.01 C5-C6-H6 119.8 120.1 -0.3
C4-C9 1.40 1.41 -0.01 C4-C9-C8 119.3 120.1 -0.8
C9-H9 1.09 1.08 0.01 C4-C9-H9 120.3 120.4 -0.1
C9=C8 1.39 1.40 -0.01 C8-C7-C6 120.1 120.1 0.0
C8-H8 1.09 1.08 0.01 Co6-C7-H7 120.0 119.9 0.0
C8-C7 1.40 1.40 0.00 C7-C9-C8 120.3 120.1 0.2
C4-C2 1.48 1.49 -0.01 C9-C8-H8 119.7 120.0 -0.3
C2=03 1.22 1.22 0.00 C4-C2-01 112.3 110.4 2.3
C2-01 1.38 1.36 0.02 C4-C2-03 126.2 124.2 2.2
01-C10 1.43 1.42 0.01 C2-01-C10 113.7 113.2 0.5
C10-H10 1.09 1.12 -0.03 0O1-C10-C15 105.1 106.6 -1.5
C10-Cl11 1.53 1.52 0.01 O1-C10-C11 110.9 109.4 1.5
Cl1-H111 1.09 1.12 -0.03 OI1-C10-H10 108.4 111.2 -2.8
Cl11-H112 1.09 1.11 -0.02 C10-C15-C14 110.7 113.2 2.5
Cl11-C12 1.52 1.52 0.00 C10-C15-C19 109.9 107.0 2.9
C12-H12 1.09 1.11 -0.01 C10-C15-H15 110.1 109.4 0.7
C12-N13 1.53 1.51 0.02 C15-C19-021 110.4 107.5 2.9
N13-H13 1.03 1.01 0.02 C15-C19-020 123.9 123.3 0.6
N13-C18 1.49 1.51 -0.02 C19-021-C22 114.4 113.8 0.6
C18-H181 1.09 1.11 -0.02 021-C22-H221 104.8 106.9 2.1
C18-H182 1.09 1.11 -0.02 021-C22-H222 109.9 108.0 1.9
C18-H183 1.09 1.11 -0.02 021-C22-H223 109.6 107.8 1.8
N13-C14 1.52 1.52 0.00 0O1-C10-C11 110.9 109.4 1.5
Cl4-H14 1.09 1.11 -0.02 C10-Cl11-H112 109.7 109.3 04
Cl14-C15 1.53 1.54 -0.01 C10-C11-H111 108.9 108.6 0.3
C15-H15 1.09 1.11 -0.02 C10-C11-C12 111.1 114.0 2.9
C15-C10 1.52 1.51 0.01 C11-C12-N13 109.0 112.0 -3.0
Cl14-Cl16 1.53 1.53 0.00 C11-C12-C17 113.2 111.0 2.1
Cl6-H161 1.09 1.10 -0.01 C11-C12-H12 111.7 113.7 2.6
Cl16-H162 1.09 1.10 -0.01 C14-C12-N13 102.0 103.6 -1.6
Cl6-C17 1.56 1.59 -0.03 C12-N13-C18 117.6 115.7 1.8
C17-H171 1.09 1.10 -0.01 C12-N13-H13 106.2 106.5 -0.3
C17-H172 1.09 1.10 0.01 N13-C15-C14 108.7 111.5 -2.9
C17-C12 1.54 1.53 0.01 C15-C14-C16 113.4 112.9 0.5
C15-C19 1.52 1.51 0.01 C15-C14-H14 110.9 113.2 0.3
C19=020 1.22 1.22 0.00 C17-C14-C16 105.3 105.1 0.2
C19-021 1.34 1.34 0.00 Cl14-Cl6-Hl161 110.4 112.4 -2.0
021-C22 1.46 1.49 -0.03 Cl14-Cl16-H162 110.2 112.0 -1.8
C22-H221 1.09 1.11 -0.02 Cl16-C12-C17 105.5 105.0 0.5
C22-H222 1.09 1.11 -0.02 C12-C17-H171 110.6 111.3 -0.7
C22-H223 1.09 1.11 -0.02 C12-C17-H172 1104 111.9 -1.5

N13-C18-H181 108.3 106.6 1.7

N13-C18-H183 110.2 107.8 2.4

N13-C18-H182 108.2 106.5 1.7

Dihedrals/° Impropers/®

C2-C4-C5-C6 180.2 180.1 -0.1 C9-C2-C4-C5 179.7 179.8 0.1
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C4-C5-C6-C7 -0.1 0.04 0.14
C2-C4-C9-C8 179.8 179.9 0.1
C5-C4-C2-01 -177.2 -177.9 -0.7
C4-C2-01-C10 -175.9 -177.4 -1.5
C2-01-C10-C15 157.7 161.0 33
0O1-C10-C15-C14 168.3 167.3 -1

C10-C15-C19-021 147.9 165.9 18
C15-C19-021-C22 179.2 174.7 -4.5
C19-021-C22-H221 179.4 178.8 -0.6
01-C10-C11-C12 -164.7 -162.6 2.1
C10-C11-C12-N13 60.4 57.5 -2.9

Impropers/°

H161-C14-C16-H162 -118.4 -118.5 -0.1
C16-C12-C17-H171 120.9 119.4 -1.5
C16-C12-C17-H172 -121.8 -121.8 0

C12-N13-C18-H181 179.4 180.5 1.1
H181-N13-C18-H183 120.4 120.0 -0.4
H181-N13-C18-H182 -119.4 -119.6 -0.2
N13-C15-C14-H14 -118.9 -119.4 -0.5
C17-C14-C16-H161 -119.6 -119.1 0.5

C6-C4-C5-H5
C7-C5-C6-H6
C8-C4-C9-H9
C8-C6-C7-H7
C7-C9-C8-H8
01-C4-C2-03
C15-01-C10-C11
C11-01-C10-H10
C14-C10-C15-C19
C14-C10-C15-H15
021-C15-C19-020

H221-021-C22-H222
H221-021-C22-H223
C12-C10-C11-H112

H112-C10-C11-HI111

N13-C11-C12-C17
N13-C11-C12-H12
C14-C12-N13-C18
C14-C12-N13-H13
N13-C15-C14-C16

179.7
180.0
180.2
179.9
-179.9
179.6
121.7
121.2
127.1
-125.8
178.0
119.7
-119.5
124.2
116.4
-111.0
119.1
130.4
-110.6
111.3

179.8
179.8
-179.9
179.8
-179.9
179.4
119.3
121.1
124.5
-122.4
171.8
119.5
-119.2
123.8
115.1
-109.1
121.2
128.3
-111.5
110.4

0.1

-0.2
-0.1
-0.1

-0.2
2.4
-0.1
-2.6
34
-6.2
-0.2
0.3

-0.4
-1.3
1.9

2.1

-2.1
-0.9
-0.9

h) Clomipramine

The geometry optimization of tricyclic antidepressants is complicated because of the

three rings in the structure. Despite multiple iterations, only desipramine fits fairly well

with the QM structure. In the case of clomipramine and imipramine, a few

dihedrals/torsions in the tricyclic region still need some optimization.

In the case of clomipramine, all the bond length and bond angle deviations were

less than 0.03A and 4.7°, respectively. All the impropers fit fairly well with the QM data

(difference <6.1°), except for the CD2-NZ-CG3-CD3, whose difference was 17.4° (Table

2.23). The dihedrals in the tail region match well with the QM angles, but several

dihedrals in the tricyclic rings deviated significantly.
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Table 2.23. CGenFF equilibrium geometry of clomipramine compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
CD1=CG2 1.41 1.41 0 CA-NB-CG 111.4 109.3 2.0
CG2-CD4 1.40 1.40 0 CG-NB-CB 112.6 111.4 1.2
CD4-HD4 1.09 1.08 0.01 CG-NB-HB 106.5 107.0 -0.6
CD4=CE6 1.39 1.40 -0.01 NB-CA-HAI1l 109.0 107.2 2.2
CE6-CL 1.74 1.74 0.00 NB-CA-HAI2 108.8 107.2 1.6
CE6-CZ2 1.39 1.40 -0.01 NB-CA-HAI13 108.1 106.9 1.1
CZ2-HZ2 1.09 1.08 0.01 NB-CB-HB21 108.6 107.0 1.6
CZ2=CE5 1.40 1.40 0 NB-CB-HB22 108.0 107.3 0.9
CES-HES 1.09 1.08 0.01 NB-CB-HB23 109.3 107.0 2.2
CE5-CD1 1.40 1.40 0 NB-CG-CD 112.5 112.3 0.2
CD1=CE1 1.50 1.51 -0.01 NB-CG-HGI1 105.8 106.0 0.2
CE1-HE11 1.10 1.11 -0.01 NB-CG-HG2 106.2 105.5 0.6
CE1-HE12 1.10 1.11 -0.01 CG-CD-CE 110.9 110.3 0.6
CE1-CE2 1.53 1.55 -0.02 CG-CD-HD1 110.1 110.7 -0.6
CE2=HE21 1.10 1.11 -0.01 CG-CD-HD2 111.8 111.5 0.2
CE2-HE22 1.10 1.11 -0.01 CD-CE-NZ 110.2 112.5 2.3
CE2-CD2 1.52 1.52 0 CD-CE-HE1 110.0 108.5 1.4
CD2=CG3 1.41 1.42 -0.01 CD-CE-HE2 109.1 108.7 0.4
CG3-NZ 1.44 1.43 0.01 CE-NZ-CG2 114.0 117.3 -3.3
NZ-CG2 1.43 1.43 0.00 CE-NZ-CG3 116.1 114.2 2.2
CD2-CE3 1.41 1.41 0.00 NZ-CG2-CDI1 121.7 117.0 4.7
CE3-HE3 1.09 1.08 0.01 NZ-CG2-CD4 117.5 118.9 -1.4
CE3=CZ1 1.39 1.40 -0.01 CG2-CDI1-CEl 119.5 119.4 0.1
CZ1-HZ1 1.09 1.08 0.01 CG2-CD1-CE5 118.3 120.1 -1.8
CZ1-CE4 1.40 1.40 0.00 CDI-CE1-CE2 110.6 111.9 -1.3
CE4-HE4 1.09 1.08 0.01 CDI-CE1-HE12 111.8 108.2 3.6
CE4=CD3 1.39 1.40 -0.01 CDI1-CE1-HEI11 109.1 109.3 -0.2
CD3-HD3 1.09 1.08 0.01 CE1-CE2-CD2 116.6 115.3 1.3
CD3-CG3 1.41 1.41 0.01 CEI1-CE2-HE22 108.1 107.1 0.9
NZ-CE 1.46 1.49 -0.03 CE1-CE2-HE21 108.8 110.7 -1.9
CE-HEI 1.09 1.12 -0.03 CG2-CD4-CE6 119.6 120.9 -1.4
CE-HE2 1.10 1.11 -0.01 CG2-CD4-HD4 119.4 119.2 0.2
CE-CD 1.53 1.54 -0.01 CD4-CE6-CL 119.3 119.4 -0.1
CD-HD1 1.10 1.11 -0.01 CD4-CE6-CZ2 120.7 119.7 0.6
CD-HD2 1.09 1.11 -0.02 CE5-CE6-CZ2 119.0 119.9 -0.9
CD-CG 1.52 1.53 -0.01 CE6-CZ2-HZ2 120.1 120.2 -0.1
CG-HG1 1.09 1.10 -0.02 CZ2-CDI1-CE5 121.6 120.1 1.5
CG-HG2 1.09 1.10 -0.01 CDI1-CE5-HES 119.3 119.9 -0.6
CG-NB 1.51 1.51 0 CD2-NZ-CG3 125.5 122.3 3.2
NB-HB 1.03 1.05 -0.02 NZ-CG3-CD3 114.6 117.1 2.5
NB-CA 1.50 1.51 -0.01 CG3-CD3-CE4 121.6 121.3 0.3
CA-HA1l 1.09 1.11 -0.02 CG3-CD3-HD3 117.9 119.5 -1.6
CA-HA12 1.09 1.11 -0.02 CZ1-CD3-CE4 119.1 119.7 -0.6
CA-HA13 1.09 1.11 -0.02 CD3-CE4-HE4 120.2 120.4 -0.2
NB-CB 1.50 1.51 -0.01 CE4-CZ1-CE3 119.4 120.0 -0.6
CB-HB21 1.09 1.11 -0.02 CE4-CZ1-HZ1 120.5 120.2 0.3
CB-HB22 1.09 1.11 -0.02 CD2-CZ1-CE3 122.6 120.8 0.6
CB-HB23 1.09 1.11 -0.02 CZ1-CE3-HE3 119.1 119.4 -0.3
Dihedrals/® Impropers/°
CG-NB-CA-HA11 -176.7 -178.5 -1.8 CA-CG-NB-CB 125.5 121.4 -4.1
CG-NB-CB-HB21 -178 -60.3 117.7 CA-CG-NB-HB -117.2 -118.8 -1.6
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HB-NB-CG-CD 54.8 46.6 -8.2  HAI11-NB-CA-HA12
NB-CG-CD-CE -167.1 -168.3 -1.2 HA11-NB-CA-HA13
CG-CD-CE-NZ -182 -62.3 119.7 HB21-NB-CB-HB22
CD-CE-NZ-CG2 -71.3 109.1 180.4 HB21-NB-CB-HB23
CG2-CE-NZ-CG3 215.2 144.2 -71  CD-NB-CG-HG1
CE-NZ-CG2-CD1 -77.9 59.7 137.6  HGI1-NB-CG-HG2
NZ-CG2-CDI1-CEl -9.3 334 42.7 CE-CG-CD-HD1
CG2-CD1-CE1-CE2 -64.6 44.7 109.3 HDI1-CG-CD-HD2
CD1-CE1-CE2-CD2 71.3 -28.2 -99.5 NZ-CD-CE-HE1
NZ-CG2-CD4-CE6 183.3 144.9 -38.4 HEI-CD-CE-HE2
CG2-CD4-CE6-CL 179.7 190.5 10.8 CDI1-NZ-CG2-CD4
NZ-CG3-CD3-CE4 178.7 198.2 19.5 CE1-CG2-CDI1-CES
CG3-CD3-CE4-CZ1 0.9 -1.2 -2.1  CE2-CDI-CE1-HE12
CD3-CE4-CZ1-CE3 -176.7 -178.5 -1.8  CE2-CDI1-CE1-HE11
Impropers/® CD2-CE1-CE2-HE22
CE4-CG3-CD3-HD3 177.5 179.8 2.3  CD2-CE1-CE2-HE21
CZ1-CD3-CE4-HE4 178.8 180.6 1.8  CE6-CG2-CD4-HD4
CE3-CE4-CZ1-HZ1 179.3 181.5 2.2  CL-CD4-CE6-CZ2
CD2-CZ1-CE3-HE3 -178.2 -178.9 -0.7  CES5-CE6-CZ2-HZ2
CD2-NZ-CG3-CD3 181.3 163.9 -17.4  CZ2-CD1-CE5-HES

120.3
-119.8
119.6
-120.1
1212
-115.1
119.7
119.8
118.4
-117.6
176.3
-173.6
122.5
-119.9
-123.4
121.8
183.4
178.9
182.1
-179.0

120.0
-120.3
120.1
-120.0
-121.3
-115.9
118.4
120.9
123.0
-114.1
206.3
-179.7
118.9
-123.7
-120.4
122.9
180.0
173.3
176.7
-179.5

-0.3
-0.5
0.5
0.1
-0.1
-0.8
-1.3
1.1
4.6
3.5
30
-6.1
-3.6
-3.8
-3.0
1.1
-3.4
-5.6
-5.4
-0.5

i) Imipramine

The CGenFF geometry fits fairly well with the QM structure, but some angles and

dihedrals in the rings still deviated significantly. All the bond length deviations were less

than 0.03A, whereas most of the angle deviations were less than 4°, except five angles in

the rings (NZ-CG2-CD4, CG2-CD1-CEl, CDI1-CEI-CE2, CG3-CE2-CD2, and CE2-

CD2-CE3), which varied between 4-9° (Table 2.24). All the dihedrals and impropers

match well with the QM torsions, except a few dihedrals (CE-NZ-CG2-CD1, NZ-CG2-

CDI1-CE1, CG2-CDI1-CE1-CE2, and NZ-CG2-CD4-CE®6) in the rings.
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Table 2.24. CGenFF equilibrium geometry of imipramine compared to MP2 level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
CD1=CG2 1.41 1.44 -0.03 CA-CG-NB 111.4 110.97 0.4
CG2-CDh4 1.40 1.41 -0.01 CG-NB-CB 112.5 111.96 0.5
CD4-HD4 1.09 1.08 0.01 CG-NB-HBI1 106.4 106.84 -0.4
CD4=CE6 1.40 1.40 0.00 NB-CA-HAI11 109.0 106.85 3.8
CE6-HE6 1.09 1.08 0.01 NB-CA-HAI12 108.8 106.88 1.9
CE6-CZ2 1.40 1.39 0.01 NB-CA-HA13 108.1 106.94 1.2
CZ2-HZ2 1.09 1.08 0.01 NB-CB-HB21 108.6 106.79 1.8
CZ2=CES5 1.40 1.39 0.01 NB-CB-HB22 108 107.04 0.9
CES-HES 1.09 1.08 0.01 NB-CB-HB23 109.3 107.26 2.0
CE5-CD1 1.40 1.40 0.00 NB-CG-CD 112.5 111.09 1.4
CDI-CEl 1.50 1.53 -0.03 NB-CG-HGI 105.8 105.77 0.1
CE1-HE11 1.10 1.11 -0.01 NB-CG-HG2 106.1 106.18 -0.1
CE1-HE12 1.10 1.11 -0.01 CG-CD-CE 110.6 110.75 -0.1
CE1-CE2 1.53 1.55 -0.02 CG-CD-HDI 111.9 111.27 0.6
CE2-HE21 1.10 1.11 -0.01 CG-CD-HD2 110.3 110.4 -0.1
CE2-HE22 1.10 1.11 -0.01 CD-CE-NZ 110.1 108.33 1.8
CE2-CD2 1.52 1.51 0.01 CD-CE-HEI 109.0 106.65 2.3
CD2=CG3 1.41 1.42 -0.01 CD-CE-HE2 109.9 112.57 2.7
CG3-NZ 1.44 1.43 0.01 CE-NZ-CG2 114.1 116.28 2.2
NZ-CG2 1.43 1.44 -0.01 CE-NZ-CG3 115.8 113.65 2.1
CD2-CE3 1.41 1.40 0.01 NZ-CG2-CDl1 121.4 118.75 2.6
CE3-HE3 1.09 1.08 0.01 NZ-CG2-CD4 118.0 122.57 -4.6
CE3=CZ1 1.39 1.40 -0.01 CG2-CDI1-CEl 119.5 123.74 -4.2
CZ1-HZ1 1.09 1.08 0.01 CG2-CD1-CE5 118.5 120.23 -1.7
CZ1-CE4 1.40 1.40 0.00 CDI-CE1-CE2 110.4 119.20 -8.8
CE4-HE4 1.09 1.08 0.01 CDI-CE1-HE12 112.1 108.46 3.6
CE4=CD3 1.39 1.40 -0.01 CDI-CE1-HEI11 111.5 109.89 1.6
CD3-HD3 1.09 1.08 0.01 CEI-CE2-CD2 116.7 113.04 3.7
CD3-CG3 1.41 1.41 0.00 CEI1-CE2-HE22 108.8 108.91 -0.1
NZ-CE 1.46 1.43 0.03 CEI1-CE2-HE21 108.0 107.41 0.6
CE-HEI 1.10 1.11 -0.01 CG2-CD4-CE6 120.3 121.61 -1.3
CE-HE2 1.10 1.12 -0.02 CG2-CD4-HD4 118.4 120.78 2.4
CE-CD 1.53 1.55 -0.02 CG3-CE2-CD2 126.1 117.27 8.8
CD-HD1 1.09 1.11 -0.02 CE2-CD2-CE3 116.5 121.76 -53
CD-HD2 1.10 1.11 -0.01 CD2-CE3-HE3 118.2 120.05 -1.8
CD-CG 1.52 1.53 -0.01 CE3-CZI1-HZ1 120 119.85 0.1
CG-HG1 1.09 1.10 -0.01 CZ1-CE4-HE4 120.6 119.85 0.7
CG-HG2 1.09 1.10 -0.01 CD4-CE6-HE6 120.1 120.32 -0.2
NB-CA 1.50 1.51 -0.01 CD4-CE6-CZ2 119.7 119.83 -0.1
CA-HAI11 1.09 1.11 -0.02 CES5S-CE6-CZ2 120 119.82 0.2
CA-HA12 1.09 1.11 -0.02 CE6-CZ2-HZ2 120.2 120.23 -0.1
CA-HA13 1.09 1.11 -0.02 CZ2-CDI-CE5 121.1 120.81 0.3
NB-CB 1.50 1.51 -0.01 CDI-CES-HES 119.2 119.55 -0.3
CB-HB21 1.09 1.11 -0.02 CG3-CD3-CE4 121.6 120.58 1.0
CB-HB22 1.09 1.11 -0.02 CZ1-CD3-CE4 119.2 119.92 -0.7
CB-HB23 1.09 1.11 -0.02 CE4-CZ1-CE3 119.4 120.07 -0.7
CG-NB 1.51 1.51 0.00 CD2-CZ1-CE3 122.6 119.83 2.8
NB-HB1 1.03 1.04 -0.01
Dihedrals/° Impropers/®

CG-NB-CA-HAL11 -176.9 -178.0 1.1 CA-CG-NB-CB 125.6 123.9 1.7
CG-NB-CB-HB21 180.9 178.6 2.3  CA-CG-NB-HBI -117.2 -118.1 0.9
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HB1-NB-CG-CD 54.4 41.9 12.5
NB-CG-CD-CE -167.3 -178.6 11.3
CG-CD-CE-NZ 177.6 190.4 12.8
CD-CE-NZ-CG2 -70.7 -72.7 2.0
CE-NZ-CG2-CD1 283.5 149.7 133.8
NZ-CG2-CD1-CEl -9.7 27.5 -37.2
CG2-CD1-CE1-CE2 -64.5 -22.2 -42.3
CD1-CE1-CE2-CD2 71.3 62.6 8.7
NZ-CG2-CD4-CE6 182.7 161.3 21.4
CG2-CD4-CE6-CZ2 1.2 2.1 -0.9
CE3-CZ1-CE4-CD3 -0.2 -0.6 0.4
CE2-CD2-CE3-CZ1 183.6 187.4 -3.8
CD2-CE3-CZ1-CE4 -1.3 0.7 -2
Impropers/®
CG3-CE4-CD3-HD3  182.7 179.1 3.6
CD3-CZ1-CE4-HE4 180.1 179.4 0.7
CE4-CE3-CZ1-HZ1 180.6 179.0 1.6
CG2-CE-NZ-CG3 -144.1 -1333 -10.8
CG3-CE2-CD2-CE3 181.7 176.8 4.9
CZ1-CD2-CE3-HE3 178.3 179.1 -0.8

HA11-NB-CA-HA12
HA11-NB-CA-HA13
HB21-NB-CB-HB22
HB21-NB-CB-HB23
CD-NB-CG-HG1
HG1-NB-CG-HG2
CE-CG-CD-HD1
HD1-CG-CD-HD2
NZ-CD-CE-HE1
HE1-CD-CE-HE2
CD1-NZ-CG2-CD4
CE1-CG2-CD1-CES5
CE2-CDI1-CE1-HE12
CE2-CDI1-CE1-HE11
CD2-CE1-CE2-HE22
CD2-CEI1-CE2-HE21
CE6-CG2-CD4-HD4
CZ2-CDI1-CE5-HES
CE5-CE6-CZ2-HZ2
CZ2-CD4-CE6-HE6

120.3
-119.9
119.6
-120.2
-121.2
-115.1
-120.4
-120.1
-124.1
-117.5
176.8
187.0
122.5
-119.7
121.8
236.6
183.4
180.4
182.2
180.0

119.5
-120.3
120.2
-119.4
-120.2
-116.2
-119.1
-119.6
-126.0
-116.7
193.2
170.6
122.4
-122.0
121.8
236.6
178.5
182.5
177.0
178.3

0.8
0.4
-0.6
-0.8

1.1
-1.3
-0.5

1.9
-0.8
16.4
9.4
0.1

23

(=]

4.9
-2.1
5.2
1.7

j) Desipramine

Desipramine CGenFF geometry fits better with the QM geometry compared to

clomipramine and imipramine. All the bond length and angle deviations were less than

0.03A and 3.6°, respectively. Most of the dihedral and improper deviations were less than

9.4°, except for the CE-NZ-CG3-CD2 and the NZ-CG2-CD4-CE®6 in the tricyclic region,

which were 19.1°and 24.1° (Table 2.25), respectively.
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Table 2.25. CGenFF equilibrium geometry of desipramine compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
CDI1=CG2 1.41 1.41 0 CA-NB-CG 115.1 116.15 1.05
CG2-CDh4 1.4 1.4 0 CG-NB-HB1 109.0 108.50 -0.5
CD4-HD4 1.09 1.08 -0.01 CG-NB-HB2 108.4 107.54  -0.86
CD4=CE6 1.39 1.4 0.01 NB-CA-HAI1 108.6 106.71 -1.89
CE6-HE6 1.09 1.08 -0.01 NB-CA-HA12 108.9 106.87  -2.03
CE6-CZ2 1.4 1.39 -0.01 NB-CA-HA13 108.1 106.73 -1.37
CZ2-HZ2 1.09 1.08 -0.01 NB-CG-CD 111.5 112.12 0.62
CZ2=CES5 1.39 1.4 0.01 NB-CG-HGI 106.2 105.19  -1.01
CES5-HES 1.09 1.08 -0.01 NB-CG-HG2 106.0 105.78  -0.22
CE5-CDl1 1.41 1.4 -0.01 CG-CD-CE 110.7 109.15 -1.55
CDI-CEl 1.51 1.52 0.01 CG-CD-HDI 111.0 110.74  -0.26
CEIl-HE11 1.1 1.11 0.01 CG-CD-HD2 110.7 110.54  -0.16
CE1-HE12 1.1 1.11 0.01 CD-CE-NZ 109.9 106.7 -3.2
CE1-CE2 1.53 1.55 0.02 CD-CE-HE1 110.0 110.1 0.1
CE2-HE21 1.1 1.11 0.01 CD-CE-HE2 109.1 108.79  -0.31
CE2-HE22 1.1 1.11 0.01 CE-NZ-CG2 115.7 115.9 0.2
CE2-CD2 1.5 1.51 0.01 CE-NZ-CG3 114.2 115.7 1.5
CD2=CG3 1.41 1.4 -0.01 NZ-CG3-CD2 121.5 120.6 -0.9
CG3-NZ 1.44 1.44 0 NZ-CG2-CDl1 125.5 121.9 -3.6
NZ-CG2 1.43 1.43 0 CG3-CD2-CE2 119.5 121.9 24
CD2-CE3 1.4 1.4 0 CG3-CD2-CE3 118.4 119.3 0.9
CE3-HE3 1.09 1.08 -0.01 CD2-CE2-CEl 110.4 109.33 -1.07
CE3=CZ1 1.4 1.4 0 CE2-CE1-HE12 108.8 106.67  -2.13
CZ1-HZ1 1.09 1.08 -0.01 CE2-CEl1-HEl1 108.0 109.83 1.83
CZ1-CE4 1.4 1.4 0 CD2-CE2-HE22 112.1 111.91 -0.19
CE4-HE4 1.09 1.08 -0.01 CD2-CE2-HE21 109.2 110.34 1.14
CE4=CD3 1.4 1.4 0 CE2-CE1-CDI 116.8 11427  -2.53
CD3-HD3 1.09 1.08 -0.01 CDI-NZ-CG2 122.1 121.35 -0.75
CD3-CG3 1.4 1.39 -0.01 NZ-CG2-CD4 114.6 115.9 1.3
NZ-CE 1.46 1.46 0.00 CG2-CD4-CE6 121.6 121.4 -0.2
CE-HEI 1.09 1.12 0.03 CG2-CD4-HD4 117.8 119.7 1.9
CE-HE2 1.1 1.12 0.02 CD4-CE6-CZ2 119.1 119.54 0.44
CE-CD 1.53 1.54 0.01 CD4-CE6-HE6 120.2 120.45 0.25
CD-HD1 1.09 1.11 0.02 CE6-CZ2-CE5 119.4 119.75 0.35
CD-HD2 1.1 1.11 0.01 CE6-CZ2-HZ2 120.6 120.26  -0.34
CD-CG 1.52 1.53 0.01 CDI1-CZ2-CE5 122.6 120.95 -1.65
CG-HG1 1.09 1.1 0.01 CZ2-CE5-HES 119.1 119.27 0.17
CG-HG2 1.09 1.1 0.01 CG3-CD3-HD3 118.4 118.98 0.58
NB-CA 1.5 1.51 0.01 CD3-CE4-CZ1 119.6 119.67 0.07
CA-HAI11 1.09 1.11 0.02 CG3-CD3-CE4 120.3 120.5 0.2
CA-HA12 1.09 1.11 0.02 CD3-CE4-HE4 120.1 120.32 0.22
CA-HA13 1.09 1.11 0.02 CE3-CE4-CZ1 120.0 119.9 -0.1
CG-NB 1.52 1.51 -0.01 CE4-CZ1-HZ1 120.2 120.15 -0.05
NB-HB1 1.03 1.01 -0.02 CZ1-CD2-CE3 121.2 120.40 -0.8
NB-HB2 1.03 1.01 -0.02 CD2-CE3-HE3 119.2 119.95 0.75
Dihedrals/® Impropers/°
CG-NB-CA-HAL11 176.1 176 -0.1 CA-CG-NB-HBI 122.6 122.9 0.3
HB1-NB-CG-CD 189.1 188.9 -0.2  HBI1-CG-NB-HB2 114.8 113.6 -1.2
NB-CG-CD-CE 177.3 177 -0.3 HA11-NB-CA-HAI12 120.3 120.1 -0.2
CG-CD-CE-NZ 174.6 174 -0.6 HA11-NB-CA-HA13 -119.8 -119.9 -0.1
CD-CE-NZ-CG3 -70.7 -82.4 -11.7 CD-NB-CG-HG1 237.3 238.6 1.3
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CE-NZ-CG3-CD2 -76 -56.9 19.1 HGI1-NB-CG-HG2
NZ-CG3-CD2-CE2 -9.8 -19.2 94  CE-CG-CD-HDI
CG3-CD2-CE2-CE1  -64.3 -55.8 8.5 HDI1-CG-CD-HD2
CD2-CE2-CE1-CD1 71.2 74 2.8  NZ-CD-CE-HEI
NZ-CG2-CD4-CE6 178.7 154.6 -24.1 HEI1-CD-CE-HE2
CG2-CD4-CE6-CZ2 0.7 2 1.3 CD2-NZ-CG3-CD3
NZ-CG3-CD3-CE4 -177.3 -164.3 13 CE2-CG3-CD2-CE3
CG3-CD3-CE4-CZ1 1.1 -0.3 -1.4  HE11-CE2-CE1-HE12
CD-CG-NB-CA 66 66 0 CZ1-CD3-CE4-HE4
CD4-CE6-CZ2-CES -0.1 1.8 1.9  CE4-CG3-CD3-HD3
CG2-NZ-CE-CD 145 145 0 CDI1-CE2-CE1-HE11
Impropers/° CE1-CD2-CE2-HE21
CZ1-CD2-CE3-HE3  180.2 178.6 1.6  CDI1-NZ-CG2-CD4
CD1-CZ2-CE5-HE5  181.7 177.0 4.7  CE6-CG2-CD4-HD4
CE3-CE4-CZ1-HZ1 182.1 181.2 0.9  CE5-CE6-CZ2-HZ2
CG2-CE-NZ-CG3 143.7 132.6 8.0 CZ2-CD4-CE6-HEG6

-115.5 -115.4
119.7 120.1

120 119.9
118.4 122.3
117.6 116.2
176.9 165.8

187 182.8
-114.7 -114.6

180 180.6
183.4 180.3
-123.4 -123.4
-119.7 -118.1
-178.5 -159.5
177.4 181.1
179.3 176.7
178.9 178.5

0.1
0.4
-0.1
3.9
-1.4
-11.1
-4.2
0.1
0.6
3.1
0
-1.6
19
3.7
-2.6
-0.4

k) Fluoxetine (R)

The optimized CGenFF geometry was in excellent correlation with the QM optimized

geometry. The distance deviations were all less than 0.04A, and all the angles deviated

less than 3.1°; whereas the dihedral and improper deviations were all less than 7.2° and

5.1° respectively (Table 2.26).
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Table 2.26. CGenFF equilibrium geometry of fluoxetine (R) compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°

C1-F12 1.35 1.34 -0.01 C5-C1-F12 111.6 1114 -0.2
C1-F13 1.35 1.34 -0.01 F12-C1-F13 107.4 106.8 -0.6
Cl1-F14 1.35 1.34 -0.01 F12-C1-F14 107.3 106.9 -0.4
C1-C5 1.50 1.54 0.04 Cl1-C5-C6 120.0 120.7 0.7
C5=C6 1.39 1.41 0.02 Cl1-C5-C13 119.7 120.8 1.1
C6-H7 1.09 1.08 -0.01 C5-C6-C8 120.5 120.8 0.3
Co6-C8 1.40 1.40 0 C5-C6-H7 120.0 120.7 0.7
C8-H9 1.08 1.08 0 C6-C8-H9 119.6 117.6 -2

C8=C10 1.40 1.41 0.01 C8-C10-015 125.6 124.1 -1.5
C10-Cl11 1.40 1.40 0 C8-C10-Cl11 120.4 118.6 -1.8
C11-H12 1.09 1.08 -0.01 C13-C11-C10 120.1 121.2 1.1
C11-C13 1.39 1.40 0.01 C10-C11-H12 118.7 118.9 0.2
Cl13-H14 1.09 1.08 -0.01 C11-C13-C5 119.6 120.5 0.9
C13-C5 1.40 1.41 0.01 C5-Cl13-H14 120.3 120.8 0.5
C10-015 1.39 1.42 0.03 Cl10-0O15-Cl16 119.3 120.1 0.8
015-Cl16 1.44 1.43 -0.01 0O15-C16-C18 113.0 115.7 2.7
Cl6-H17 1.10 1.12 0.02 015-C16-C29 109.7 109.4 -0.3
C16-C18 1.51 1.52 0.01 O15-Cl16-H17 101.6 104.7 3.1
C18-C19 1.40 1.41 0.01 C16-C29-C32 109.1 108.1 -1

C19-H20 1.09 1.08 -0.01 C16-C29-H30 1104 109.3 -1.1
C19-C21 1.40 1.40 0 C16-C29-H31 108.7 108.7 0

C21-H22 1.09 1.08 -0.01 C29-C32-N35 109.8 109.0 -0.8
C21=C23 1.40 1.40 0 C29-C32-H33 112.1 112.3 0.2
C23-H24 1.09 1.08 -0.01 C29-C32-H34 112.6 111.2 -14
C23-C25 1.40 1.40 0 C32-N35-H36 111.9 110.1 -1.8
C25-H26 1.09 1.08 -0.01 C32-N35-H37 111.6 109.1 2.5
C25-C27 1.39 1.40 0.01 C32-N35-H38 110.7 108.0 2.7
C27-H28 1.09 1.08 -0.01 Cl16-C18-C27 118.0 118.0 0

C27-C18 1.40 1.41 0.01 C16-C18-C19 122.4 123.3 0.9
C16-C29 1.54 1.55 0.01 C18-C19-C21 120.2 120.4 0.2
C29-H30 1.09 1.11 0.02 C18-C19-H20 121.3 121.5 0.2
C29-H31 1.10 1.11 0.01 C19-C21-C23 120.2 120.1 -0.1
C29-C32 1.52 1.53 0.01 C19-C21-H22 119.7 120.2 0.5
C32-H33 1.09 1.10 0.01 C21-C23-C25 119.7 119.9 0.2
C32-H34 1.09 1.10 0.01 C21-C23-H24 120.1 120.1 0

C32-N35 1.52 1.51 -0.01 C27-C23-C25 120.3 120.0 -0.3
N35-H36 1.03 1.04 0.01 C23-C25-H26 120.0 120.1 0.1
N35-H37 1.03 1.04 0.01 C25-C18-C27 120.1 120.8 0.7
N35-H38 1.03 1.04 0.01 C18-C27-H28 119.6 119.4 -0.2

Dihedrals/® Impropers/°

F12-C1-C5-C6 90.7 86.9 -3.8  C5-F12-C1-F13 122.4 123.1 0.7
C1-C5-C6-C8 -177.5 -176.9 0.6 F13-F12-C1-F14 115.4 113.6 -1.8
C5-C6-C8-C10 0.6 0.5 -0.1  C6-C1-C5-C13 -176.1 -175.2 0.9
C6-C8-C10-015 -179.5 -183.7 -42  C8-C5-C6-H7 -179.7 -181.3 -1.6
C8-C10-015-C16 21.4 17.9 -3.5 C10-C6-C8-H9 176.5 177.5 1

C10-015-C16-C18 -70.6 -68.2 2.4 015-C8-C10-C11 179.3 184.4 5.1
015-C16-C29-C32 42.5 45.5 3 C13-C10-C11-H12 177.8 177.8 0

C16-C29-C32-N35 177.5 181.7 4.2 C11-C5-C13-H14 178.8 181.3 2.5
C29-C32-N35-H36 179.4 183.1 3.7 C18-015-C16-C29 130 132.3 2.3
015-C16-C18-C27 -34.5 -41.7 -7.2  C29-015-C16-H17  113.7 113.6 -0.1
C16-C18-C19-C21 177.9 178.9 1 C32-C16-C29-H30 -121 -120.8 0.2

94



C18-C19-C21-C23 -0.6 -0.3 0.3  H30-C16-C29-H31 -1184 -118.6 -0.2

C19-C21-C23-C25 0.05 -0.11 -0.16  N35-C29-C32-H33  117.8 118.9 1.1
Impropers/® H33-C29-C32-H34  123.6 121.1 2.5
C25-C18-C27-H28 -179 -178.9 0.1  H36-C32-N35-H37  120.7 121.2 0.5

C23-C19-C21-H22  -179.6 -178.8 0.8  H36-C32-N35-H38 -119.8 -119.8 0
C25-C21-C23-H24 179.9 180.1 0.2 C27-Cl16-C18-C19  -176.8 -178.2 -1.4
C27-C23-C25-H26 180.3 180 -0.3  C21-C18-C19-H20  179.7 179.9 0.2

1) Fluoxetine (S)
Similar to the R-fluoxetine, the CGenFF geometry correlates well with the QM geometry.
All the bond length and bond angle deviations were below 0.02A and 2.7°, respectively.
Except for the dihedrals C16-C29-C32-N35 and O15-C16-C18-C27 (8.5° and 13.2°,
respectively), the remaining dihedral deviations were all less than 2.8°. The deviations of

all the impropers were below 3.8° (Table 2.27).
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Table 2.27. CGenFF equilibrium geometry of fluoxetine (S) compared to MP2 Level.

Coordinate MP2 CGenFF Diff  Coordinate MP2 CGenFF  Diff
Bond lengths/A Angles/°

CI-F12 1.36 1.34 0.02 C5-Cl1-F12 110.8 110.8 0

CI-F13 1.35 1.34 0.01 FI12-C1-F13 107.2 106.7 -0.5
CIl-F14 1.35 1.34 0.01 F12-C1-F14 107.2 106.7 -0.5
C1-C5 1.50 1.52 -0.02 C1-C5-C6 119.9 120.8 0.9
C5=C6 1.39 1.41 -0.02 Cl1-C5-C13 119.6 120.8 1.2
C6-H7 1.09 1.08 0.01 C5-Co6-C8 120.2 120.8 0.6
C6-C8 1.40 1.40 0.00 C5-C6-H7 120.0 120.6 0.6
C8-H9 1.09 1.08 0.01 C6-C8-H9 119.3 118.3 -1

C8=C10 1.40 1.40 0.0 C8-C10-015 124.3 122.8 -1.5
C10-Cl11 1.40 1.40 0 C8-C10-Cl11 120.6 119.0 -1.6
Cl1-HI12 1.09 1.08 0.01 C13-C11-C10 119.9 120.9 1

CI11-C13 1.39 1.40 -0.01 C10-C11-H12 118.9 119.2 0.3
C13-H14 1.09 1.08 0.01 C11-C13-C5 119.7 120.8 1.1

C13-C5 1.40 1.41 -0.01 C5-C13-H14 120.2 120.8 0.67
C10-015 1.38 1.40 -0.01 C10-0O15-C16 117.9 118.8 0.9
015-Cl6 1.43 1.43 0.00 O15-C16-C18 107.8 109.0 1.2
Cl16-H17 1.10 1.12 -0.02  015-C16-C29 109.1 108.2 -0.9
C16-C18 1.51 1.52 -0.01 O15-Cl16-H17 110.9 111.2 0.3
C18-C19 1.40 1.41 -0.01 C16-C29-C32 108.9 108.3 -0.6
C19-H20 1.09 1.08 0.01 C16-C29-H30 108.3 110.1 1.8
C19-C21 1.39 1.40 -0.01 C16-C29-H31 110.1 108.3 -1.8
C21-H22 1.09 1.08 0.01 C29-C32-N35 110.1 109.2 -0.92
C21=C23 1.40 1.40 0 C29-C32-H33 111.8 111.7 -0.1
C23-H24 1.09 1.08 0.01 C29-C32-H34 111.9 112.1 0.2
C23-C25 1.40 1.40 0 C32-N35-H36 112.0 109.9 -2.05
C25-H26 1.09 1.08 0.01  C32-N35-H37 111.1 108.7 -2.4
C25-C27 1.40 1.40 0.00  C32-N35-H38 111.0 108.3 -2.7
C27-H28 1.09 1.08 0.01 Cl6-C18-C27 121.9 123 1.1

C27-C18 1.40 1.41 -0.01 Cl16-C18-C19 118.4 118.5 0.15
C16-C29 1.54 1.54 0.00 C18-C19-C21 120.3 120.7 0.44
C29-H30 1.10 1.11 -0.01 C18-C19-H20 120.2 120.0 -0.2
C29-H31 1.10 1.11 -0.01 C19-C21-C23 120.0 120.0 0

C29-C32 1.52 1.53 -0.01 C19-C21-H22 119.9 120.1 0.24
C32-H33 1.09 1.10 -0.01 C21-C23-C25 119.8 119.9 0.16
C32-H34 1.09 1.10 -0.01 C21-C23-H24 120.0 120.0 0.05
C32-N35 1.52 1.51 0.01 C27-C23-C25 120.4 120.0 -0.39
N35-H36 1.03 1.04 -0.01  C23-C25-H26 120.0 119.9 -0.05
N35-H37 1.03 1.04 -0.01 C25-C18-C27 119.8 120.7 0.89
N35-H38 1.03 1.04 -0.01 C18-C27-H28 119.9 120.0 0.1

Dihedrals/° Impropers/°

F12-C1-C5-C6 -90.4 -88.5 1.9 C5-F12-C1-F13 122 123.2 1.2
C1-C5-C6-C8 176.1 178 1.9  F13-F12-Cl1-F14 115.8 113.5 2.3
C5-C6-C8-C10 -0.6 -1.44 -0.84 C6-C1-C5-Cl13 176.6 176.4 -0.2
C6-C8-C10-015 179.3 176.5 -2.8  C8-C5-C6-H7 178.7 178 -0.7
C8-C10-015-C16 29.6 28.8 -0.8  C10-C6-C8-H9 177.9 178.3 0.4
C10-015-C16-C18 182.9 184 1.1 015-C8-C10-C11 181.7 184.8 3.1

015-C16-C29-C32 50.6 51.7 1.1 C13-C10-C11-H12 177.6 178.4 0.8
C16-C29-C32-N35 173 181.5 8.5 Cl11-C5-C13-H14 180.4 182 1.6
C29-C32-N35-H36 179.1 179.7 0.6 C18-015-C16-C29  -120.7 -116.7 4

015-C16-C18-C27 -16.6 -3.4 13.2  C29-015-C16-H17 240 236.2 -3.8
C16-C18-C19-C21 177.8 178.8 1 C32-C16-C29-H30 120.9 122.7 1.8
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C18-C19-C21-C23 -0.6 0.43 1.03  H30-C16-C29-H31 118.3 117.4 -0.9
C19-C21-C23-C25 1 0.5 -0.5 N35-C29-C32-H33  118.1 119.3 1.2
Impropers/® H33-C29-C32-H34  123.2 121.3 1.9

C25-C18-C27-H28  -176.8 -179.0 -2.2 H36-C32-N35-H37 1203 120.6 0.3
C23-C19-C21-H22 179.6 178.9 -0.7  H36-C32-N35-H38 -120.3 -120.2 0.1
C25-C21-C23-H24 178.5 178.5 0.0 C27-C16-C18-C19  -177.3 -180.2 -2.9
C27-C23-C25-H26 179.8 178.7 -1.1  C21-C18-C19-H20 177.4 178.5 1.1

m) Citalopram (R)
The CGenFF optimized structure matches reasonably well with the QM optimized
structure. The deviations of all the bond lengths were less than 0.03A. The bond angle
deviations were less than 2.7°, except for the angles C6-C9-C24 and C6-C9-C12, which
were 4.8° and 4.7°, respectively. The dihedrals and impropers fit reasonably well with the

QM, except one dihedral angle C6-C9-C24-C29 (deviation was 33.7°)(Table 2.28).
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Table 2.28. CGenFF equilibrium geometry of citalopram (R) compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
NI1= C2 1.18 1.18 0.00 NI1-C2-C3 178.9 178.8 -0.1
C2-C3 1.43 1.44 -0.01 C2-C3-C4 119.4 120.2 0.8
C3=C4 1.41 1.40 0.01 C2-C3-C8 119.4 120.0 0.6
C4-H4 1.09 1.08 0.01 C3-C4-C5 120.1 120.4 03
C4-C5 1.40 1.40 0.00 C3-C4-H4 119.3 120.2 0.9
C5-H5 1.09 1.08 0.01 C4-C5-C6 118.7 119.9 1.2
C5=Cé6 1.40 1.39 0.01 C4-C5-H5 119.7 119.3 -0.4
C6-C7 1.40 1.41 -0.01 C5-C6-C9 131.2 132.6 1.4
C7=C8 1.39 1.39 0.00 C5-Co6-C7 120.8 119.2 -1.6
C8-H8 1.09 1.08 0.01 C7-C8-C3 117.8 119.5 1.7
C8-C3 1.41 1.40 0.01 C6-C9-C24 111.0 106.2 -4.8
C6-C9 1.51 1.52 -0.01 C6-C9-C12 115.7 111.0 -4.7
C9-011 1.45 1.43 0.02 C6-C9-011 102.0 103.3 1.3
O11-C10 1.44 1.43 0.01 (C9-011-C10 106.7 109.3 2.6
C10-H30 1.09 1.1 -0.01 C7-C10-011 102.9 103.6 0.7
C10-H31 1.1 1.1 0.00 O11-C10-H31 110.5 108.9 -1.6
C10-C7 1.5 1.52 -0.02  O11-C10-H30 107.8 107.6 -0.2
C9-C24 1.52 1.54 -0.02 (C9-C12-C13 115.1 116.9 1.8
C24-C25 1.4 1.41 -0.01 C9-C12-H33 108.2 108.9 0.7
C25-H25 1.09 1.08 0.01 C9-C12-H32 108.4 110.2 1.8
C25=C26 1.39 1.40 -0.01 C12-C13-C14 113.2 111.7 -1.5
C26-H26 109 1.08 0.01 C12-C13-H34 107.7 108.4 0.7
C26-C27 1.39 1.39 0.00 C12-C13-H35 107.6 107.2 -0.4
C27-F27 1.35 1.36 -0.01 C12-C13-C14 113.2 111.7 -1.5
C27=C28 1.39 1.39 0.00 C13-C14-N15 112.2 111.6 -0.6
C28-H28 1.09 1.08 0.01 C13-C14-H36 113.1 113.4 03
C28-C29 1.40 1.40 0.00 C13-C14-H37 110.4 110.7 03
C29-H29 1.09 1.08 0.01 Cl14-N15-C16 110.7 108.9 -1.8
C29-C24 1.40 1.42 -0.02  C14-N15-C20 113.3 110.6 -2.7
C9-C12 1.53 1.53 0.00 Cl14-N15-H15 106.3 107.1 0.8
C12-H32 1.10 1.11 -0.01 NI15-C16-H17 109.1 108.4 -0.7
C12-C13 1.54 1.55 -0.02 N15-C16-H18 108.7 107.7 -1
C13-H34 1.1 1.11 -0.01 NI15-C16-H19 108.2 107.9 -0.3
C13-H35 1.09 1.11 -0.02 Cl14-N15-C20 113.3 110.6 2.7
C13-Cl14 1.52 1.53 -0.01 NI15-C20-H21 108.7 108.4 -0.3
Cl14-H36 1.10 1.1 0.00 NI15-C20-H22 108.0 108.1 0.1
C14-H37 1.09 1.1 -0.01 NI15-C20-H23 109.4 107.8 -1.6
Cl14-N15 1.52 1.50 0.02 (C9-C24-C29 121.9 121.4 -0.5
N15-H15 1.03 1.06 -0.03  (C9-C24-C25 118.6 121.3 2.7
N15-C20 1.50 1.50 0.00 (C24-C25-C26 120.6 121.4 0.8
C20-H21 1.09 1.11 -0.02 C24-C25-H25 119.5 120.9 1.4
C20-H22 1.09 1.11 -0.02 C25-C26-C27 118.6 119.1 0.5
C20-H23 1.09 1.11 -0.02 C25-C26-H26 121.7 120.7 -1
N15-C16 1.50 1.50 0.00 C24-C29-C28 120.6 121.3 0.7
Cl6-H17 1.09 1.11 -0.02 C24-C29-H29 120.7 121.4 0.7
C16-H18 1.09 1.11 -0.02 C28-C27-C26 122.1 121.7 -0.4
Cl16-H19 1.09 1.11 -0.02 C26-C27-F27 118.9 119.4 0.5
C12-H33 1.09 1.11 -0.01 C27-C28-C29 118.7 119.1 04
C29-C28-H28 121.7 120.4 -1.3
Dihedrals/° Impropers/®
N1-C2-C3-C4 99.1 101.4 2.3



C2-C3-C4-C5 181.6 181.4 -0.2
C3-C4-C5-C6 0.8 -1.5 2.3
C4-C5-C6-C9 179.3 176.3 -3

C5-C6-C9-C24 83.6 74.52 -9.0
C6-C9-011-C10 325.2 334.5 9.3
C6-C9-C12-C13 284.4 271.1 -13.3
C9-C12-C13-C14 56.7 67.1 10.4
C12-C13-C14-N15 -173 -178.7 -5.7
C13-C14-N15-C16  169.2 162.4 -6.8
C14-N15-C16-H17 -176.1 -179.7 -3.6
C14-N15-C20-H21 -178.7  -180.3 -1.6
C6-C9-C24-C29 320.8 287.1 -33.7
C9-C24-C25-C26 177.1 179.3 22
C24-C25-C26-C27 -1 -0.06 0.9
C9-C24-C29-C28 -176.6  -179.6 -3

Impropers/®

H21-N15-C20-H23 -120.2  -119.7 0.5
C29-C9-C24-C25 -176 -178.5 -2.5
C26-C24-C25-H25 -181.3  -177.9 3.4
C27-C25-C26-H26  -179.7  -179.7 0

C4-C2-C3-C8
C5-C3-C4-H4
C6-C4-C5-H5
C9-C5-C6-C7
C7-C3-C8-H8
C24-C6-C9-C12
C12-C6-C9-011
C7-011-C10-H31
C7-011-C10-H30
C13-C9-C12-H33
H33-C9-C12-H32
C14-C12-C13-H34
H34-C12-C13-H35
N15-C13-C14-H36
C16-C14-N15-H15
H17-N15-C16-H18
H17-N15-C16-H19
H21-N15-C20-H22
C28-C26-C27-F27
(C28-C24-C29-H29

181.6
-179.6
-180.7
-180.4

180
-126.9
-115.8

121.8
-119.2
-120.1
-114.8
-120.7
-116.4
-120.2
-116.5

120.4
-119.9

119.7

179.5

181.6

182.1
-179.7
-178.5
-172.3

179.8
-116.6
-120.8

123.7
-120.7
-119.5
-116.3
-122.1
-116.1

-120
-120.9

119.7

-121

121

180.4

181.6

0.5
0.1
2.2
8.1
0.2
10.3
-5
1.9
15
0.6
1.5
1.4
0.3
0.2
4.4
0.17
1.1
1.3
0.9
0

n) Citalopram (S)

The CGenFF optimized structure is in reasonable agreement with the QM structure. All

the bond length and angle deviations were below 0.03A and 2.94°, respectively. All the

dihedral deviations were less than 3.1°, except for the N1-C2-C3-C4, the C6-C9-C12-C13

and the C13-C14-N15-C16, which were 15° 7.5° and 7.9°, respectively. Impropers were

below 4.2°, except for the C24-C6-C9-C12 and the C12-C6-C9-O11, which were 11.6°

and 7.7°, respectively (Table 2.29).

99



Table 2.29. CGenFF equilibrium geometry of citalopram (S) compared to MP2 Level.

Coordinate MP2 CGenFF Diff Coordinate MP2 CGenFF Diff
Bond lengths/A Angles/°
N1=C2 1.18 1.18 0.00 NI1-C2-C3 179.8 179.78 0.02
C2-C3 1.44 1.44 0.00 C2-C3-C4 119.3 120.22 -0.92
C3=C4 1.41 1.40 0.01 C2-C3-C8 119.5 120.11 -0.61
C4-H4 1.09 1.08 0.01 C3-C4-C5 120.1 120.46 -0.36
C4-Cs 1.40 1.40 0.00 C3-C4-H4 119.4 120.20 -0.80
C5-H5 1.09 1.08 0.01 C4-C5-Coé 118.8 119.57 -0.77
C5=C6 1.39 1.39 0.00 C4-C5-H5 119.3 119.46 -0.16
C6-C7 1.40 1.41 -0.01 C5-C6-C9 130.9 133.20 -2.3
C7=C8 1.39 1.39 0.00 C5-Ce-C7 120.9 119.83 1.07
C8-H8 1.09 1.08 0.01 C7-C8-C3 117.8 119.54 -1.74
C8-C3 1.41 1.40 0.01 C6-C9-C24 111.8 108.86 2.94
C6-C9 1.51 1.54 -0.03 C6-C9-Cl12 113.2 112.19 1.01
C9-011 1.44 1.43 0.01 C6-C9-011 103.3 104.65 -1.35
O11-C10 1.44 1.43 0.01 C9-011-Cl10 108.5 107.91 0.59
C10-H30 1.09 1.1 -0.01 C7-C10-011 103.7 103.76 -0.06
C10-H31 1.1 1.1 0.00 O11-C10-H31 110.3 108.28 1.95
C10-C7 1.5 1.52 -0.02 O11-C10-H30 107.5 110.34 -2.84
C9-C24 1.52 1.54 -0.02 C9-C12-C13 111.0 112.79 -1.79
C24-C25 1.4 1.42 -0.02 C9-C12-H33 107.6 106.33 1.27
C25-H25 1.09 1.08 0.01 C9-Cl2-H32 109.0 109.87 -0.87
C25=C26 1.39 1.4 -0.01 Cl12-C13-C14 110.3 110.11 0.19
C26-H26 109 1.08 0.01 CI12-C13-H34 109.0 109.64 -0.64
C26-C27 1.39 1.39 0.00 CI12-C13-H35 107.7 107.98 -0.28
C27-F27 1.35 1.36 -0.01 Cl12-C13-C14 110.3 110.11 0.19
C27=C28 1.39 1.39 0.00 CI13-Cl14-N15 112.6 111.54 1.06
C28-H28 1.09 1.08 0.01 C13-C14-H36 1124 113.38 -0.98
C28-C29 1.40 1.40 0.00 C13-C14-H37 111.1 110.52 0.48
C29-H29 1.09 1.08 0.01 CI14-N15-Cl6 1114 109.11 2.29
C29-C24 1.40 1.42 -0.02 C14-N15-C20 112.6 110.50 2.10
C9-C12 1.53 1.56 -0.03 Cl14-N15-H15 106.5 107.17 -0.67
C12-H32 1.1 1.11 0.00 N15-C16-H17 109.0 108.39 0.61
Cl12-C13 1.53 1.55 -0.02 N15-C16-H18 108.9 107.75 1.15
C13-H34 1.1 1.11 -0.01 N15-C16-H19 108.1 107.96 0.14
C13-H35 1.09 1.11 -0.02 Cl14-N15-C20 112.6 110.49 2.11
C13-Cl14 1.52 1.53 -0.01 N15-C20-H21 108.6 108.35 0.25
C14-H36 1.09 1.1 -0.01 N15-C20-H22 107.9 108.11 -0.21
C14-H37 1.09 1.1 -0.01 N15-C20-H23 109.4 107.80 1.6
C14-N15 1.52 1.50 0.02 C9-C24-C29 120.3 119.83 0.47
N15-H15 1.03 1.06 -0.03 (C9-C24-C25 120.6 121.82 -1.22
N15-C20 1.50 1.50 0.00 C24-C25-C26 120.8 120.81 -0.01
C20-H21 1.09 1.11 -0.02 C24-C25-H25 120.4 120.98 -0.58
C20-H22 1.09 1.11 -0.02 C25-C26-C27 118.6 119.12 -0.52
C20-H23 1.09 1.11 -0.02  C25-C26-H26 121.7 120.73 0.97
N15-Cl16 1.50 1.50 0.00 C24-C29-C28 120.7 120.98 -0.28
Cl6-H17 1.09 1.11 -0.02  C24-C29-H29 119.3 120.49 -1.19
Cl16-H18 1.09 1.11 -0.02 C28-C27-C26 122.0 121.80 0.2
Cl16-H19 1.09 1.11 -0.02  C26-C27-F27 118.9 119.33 -0.43
C12-H33 1.10 1.11 -0.01 C27-C28-C29 118.7 119.03 -0.33
C29-C28-H28 121.7 120.41 1.29
Dihedrals/° Impropers/°
NI1-C2-C3-C4 -135.2 -120.2 -15
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C2-C3-C4-Cs 179.7 179.8 -0.1  C4-C2-C3-C8 179.3 179.2 0.1

C3-C4-C5-C6 0.1 1.1 -1 C5-C3-C4-H4 180.5  180.1 0.4
C4-C5-C6-C9 179.7 1821 24 (C6-C4-C5-H5 180.8  179.9 0.9
C5-C6-C9-C24 -79.3 743 5 C9-C5-C6-C7 179.0  174.8 42
C6-C9-011-C10 27.6 27.5 0.1 C7-C3-C8-H8 179.0 1795 0.5
C6-C9-C12-C13 1717 1792 -75 C24-C6-C9-C12 1270 1154 116
C9-C12-C13-Cl4  -1759  -1756  -03 Cl12-C6-C9-O11 1143 1220  -77
C12-C13-C14-N15 -173.0 -1761 3.1 C7-O11-C10-H31 1208 1203 0.5
C13-C14-N15-C16  170.7 1628 7.9 C7-O11-C10-H30  -121.3  -123.5 2.2
Cl4-N15-C16-H17 -177.2  -1797 25 C13-C9-C12-H33 1210 -119.1  -1.9
C14-N15-C20-H21 1809  179.5 1.4 H33-C9-Cl12-H32  -1170  -1168 -0
C6-C9-C24-C29 126.6  -1242 24 CI4-CI2-CI3-H34  -1212  -1205  -0.7
C9-C24-C25-C26  178.1 176.5 1.6 H34-CI2-CI3-H35 -117.0 -117.6 0.6
C24-C25-C26-C27 0.1 0.0 0.1 NI5-C13-C14-H36  -119.7  -1200  -1.0
C9-C24-C29-C28  -1784  -176.5 -1.9 Cl16-C14-N15-HI5  -117.1  -1209 338

Impropers/° H17-N15-C16-HI8 1204 1197 0.7
H21-N15-C20-H23  -1203  -119.7 0.6 HI7-NI5-C16-H19  -119.9  -121.0 1.1
C29-C9-C24-C25  -178.0  -176.7  -1.3 H21-N15-C20-H22  119.6 1210  -1.4

C26-C24-C25-H25 178.3 180.2 -0.5 C28-C26-C27-F27 179.9 180.6 -0.7
C27-C25-C26-H26  179.1 179.8 -0.7  C28-C24-C29-H29 180.9 179.1 1.8

0) Sertraline
The optimized CGenFF geometry of sertraline fits well with the QM structure. All the
bond length and bond angle differences were below 0.03A and 3.1°, respectively. All the

dihedral and improper deviations were below 6.3° and 4.6°, respectively (Table 2.30).
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Table 2.30. CGenFF equilibrium geometry of sertraline compared to MP2 level.

Coordinate MP2  CGenFF Diff Coordinate MP2 CGenFF Diff

Bond lengths/A Angles/°
C1-H2 1.09 1.11 -0.02 H2-C1-N5 108.7 106.8 -1.9
C1-H3 1.09 1.11 -0.02 N5-C1-H3 108.5 106.6 -1.9
Cl1-H4 1.09 1.11 -0.02 N5-C1-H4 108.8 107.1 -1.7
CI-N5 1.50 1.49 0.01 CI1-N5-C8 116.4 119.5 3.1
N5-H6 1.03 1.01 0.02 CI-N5-H6 109.5 111.4 1.9
N5-H7 1.04 1.01 0.03 CI-N5-H7 110.4 109.9 -0.5
N5-C8 1.53 1.51 0.02  N5-C8-C19 108.6 105.9 -2.7
C8-H9 1.10 1.12 0.02  N5-C8-Cl10 111.5 109.1 2.4
C8-C10 1.52 1.54 0.02 N5-C8-H9 104.8 105.8 1
C10-H11 1.10 1.11 -0.01 C8-Cl10-Hl11 112.2 112.0 -0.2
C10-H12 1.09 1.12 -0.03  C8-C10-H12 104.8 107.8
C10-C13 1.54 1.53 0.01 Cl10-C13-Cl6 114.7 115.7 1
C13-H14 1.10 1.11 -0.01 C10-C13-H14 109.6 108.2 -1.4
C13-H15 1.09 1.11 -0.02 C10-C13-H15 108.1 107.7 -0.4
C13-Cl6 1.56 1.56 0.00 C13-C16-C28 110.8 110.0 -0.8
015-Cl16 1.43 1.43 0.00 C13-C16-C18 113.0 112.3 -0.7
Cl6-H17 1.10 1.12 -0.02 C13-Cl6-H17 107.8 105.8 2
C16-C18 1.51 1.53 -0.02 C18-C19-C8 117.8 118.7 0.9
C16-C28 1.53 1.53 0.00 C8-C19-C20 121.2 120.0 -1.2
C18=C19 1.41 1.42 -0.01  C19-C20-C22 119.9 120.0 0.1
C19-C8 1.50 1.49 0.01 C19-C20-H21 120.1 121.1 1
C19-C20 1.40 1.41 -0.01  C20-C22-C24 119.7 120.1 -1.9
C20-H21 1.09 1.08 0.01 C20-C22-H23 120.0 120.2 -1.9
C20=C22 1.40 1.40 0.00 C22-C24-C26 120.2 120.0 -1.7
C22-H23 1.09 1.08 0.01 C22-C24-H25 120.0 120.0 3.1
C22-C24 1.40 1.40 0.00 C18-C26-C24 120.8 120.6 1.9
C24-H25 1.09 1.08 0.01 C24-C26-H27 119.8 119.5 -0.5
C24=C26 1.40 1.40 0.00 C16-C28-C29 119.4 117.6 2.7
C26-H27 1.09 1.08 0.01 Cl16-C28-C37 122.5 124.3 2.4
C26-C18 1.40 1.41 -0.01  C28-C29-C31 120.9 121.0 1
C28=C29 1.41 1.41 0.00 C28-C29-H30 120.2 119.89 -0.2
C29-H30 1.09 1.08 0.01 C29-C31-C33 120.7 120.3
C29-C31 1.39 1.40 -0.01  C29-C31-H32 120.5 120.0 1
C31-H32 1.09 1.08 0.01 C31-C33-C35 119.0 119.5 -1.4
C31=C33 1.40 1.40 0.00 C31-C33-CL34 119.3 118.5 -0.4
C33-CL34 1.72 1.74 -0.02  C37-C35-C33 120.0 119.7 -0.8
C33-C35 1.40 1.41 -0.01  C33-C35-CL36 121.6 122.1 -0.7
C35-CL36 1.73 1.74 -0.01 C28-C37-H38 120.7 120.6 2
C35=C37 1.40 1.40 0.00
C37-H38 1.09 1.08 0.01
C37-C28 1.40 1.41 -0.01

Dihedrals/° Impropers/°

H2-C1-N5-C8 52.8 59.0 6.2  H2-N5-C1-H3 120.0 119.9 -0.1
C1-N5-C8-C19 178.7 181.6 2.9  H2-N5-Cl1-H4 -120.3 -120.4 -0.1
N5-C8-C10-C13 59.9 53.6 -6.3  C8-CI1-N5-H6 -121.3 -125.9 -4.6
C8-C10-C13-Cl16 32.5 36.2 3.7 H6-C1-N5-H7 -114.6 -115.3 -0.7
C10-C13-C16-C28 -111.4  -119.6 -8.2  C19-N5-C8-C10 -120.4 -116.1 4.3
C20-C22-C24-C26 0.8 -0.2 -1 C10-N5-C8-H9 -120.6 -123.1 2.5
C13-C16-C28-C29 -55.6 -57.2 -1.6  C13-C8-C10-H11 -125.5 -124.9 0.6
C16-C28-C29-C31 180.5 179.4 -1.1  H11-C8-C10-H12 -114.7 -116.4 -1.7
C28-C29-C31-C33 -0.9 -0.01 0.89 Cl16-C10-C13-H14  -122.8 -125.6 2.8

102



C29-C31-C33-C35 1.5 1.5 0 H14-C10-C13-H15  -114.7 -113.5 1.2
Impropers/® C28-C13-C16-C18 125.5 126.9 -0.5

C35-C31-C33-CL34  179.5 179.8 03  CI18-C13-Cl6-H17 118.6 117.2 -1.4
C37-C33-C35-CL36  180.0 180.7 0.7  CI18-C8-C19-C20 184.5 -176.9 -1.4

C35-C28-C37-H38 183.2 181.5 -1.7 C8-C19-C20-C22 176.5 178.6 2.1
C18-C24-C26-H27 180.2 180.2 0 C22-C19-C20-H21  -178.9 -179.8 -0.9
C29-C16-C28-C37 181.1 181.9 0.8  C19-C20-C22-C24 -1.2 -0.8 0.4
C31-C28-C29-H30 178.0 179.0 1 C24-C20-C22-H23  -178.6 -179.2 -0.6

C33-C29-C31-H32 180.0 179.8 -0.2  C26-C22-C24-H25 180.0 179.3 -0.7

2.3.3. Dihedral energy scans
Since the CGenFF geometries of all the compounds fit reasonably well with the QM
optimized structures, dihedral/torsion angles were not fitted against the dihedral energy

scans.

2.3.4. Lennard-Jones parameter optimization
According to the CGenFF parameterization philosophy, LJ parameters are to be
optimized only when the new atom types are created. Since the new atom types were not

created in our study, this step was not performed.

2.4. Conclusions
Good force field parameters for the ligands are important for the accurate estimation of
protein-ligand binding affinities. MATs are key therapeutic drug targets in humans. The
unavailability of the crystal structures of MATs until recently necessitated the use of
computational techniques for drug discovery as well as for structural and functional
studies. More importantly, MD simulations and free energy calculations stand at the
forefront among other computational methods, and utilization of good force field
parameters ensures the reliability of the results. For that reason, parameters for fifteen

MAT ligands using the CGenFF philosophy were developed. The CGenFF parameters
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correlated well with the QM data, which was used as a target for parameter optimization.
However, in this study dihedral fitting using the potential energy scans was not pursued
since the CGenFF charges and equilibrium geometry matched well with the QM data.
Also, the LJ parameters were not optimized, since no new LJ parameters were generated
in this study. The CGenFF parameters for the ligands in conjugation with the CHARMM
force field for the proteins improve the reliability of computational results and lessen the
dependence on experiments; therefore, research efforts can be more economical and less

time-consuming.
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3. CHAPTER 3

CALCULATION OF RELATIVE BINDING FREE ENERGIES OF

LIGANDS TO LEUCINE TRANSPORTER

3.1. Introduction

/

Figure 3.1. 3D-model of leucine transporter with
S1 (blue) and S2 (green) pockets highlighted.
TM helices 1, 3, 6, 8, and 10 are colored red,
purple, cyan, green, and blue, respectively; rest
of the helices are colored yellow.

Leucine transporter (LeuT) is a membrane protein of the NSS family. LeuT was the first

member of the NSS family that was crystallized [1]. NSS family also consists of other
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therapeutically important membrane proteins such as the human serotonin transporter
(hSERT), the human dopamine transporter (hDAT) and the human norepinephrine
transporter (hNET). All three are famously addressed as monoamine transporters (MATs)
because they transport monoamines serotonin, dopamine and norepinephrine,
respectively, across the presynaptic cell membrane. Until the crystal structure of dDAT
recently became available, LeuT was the only member of NSS family that was
crystallized, and to date 38 crystal structures of LeuT are available with several amino
acids and drugs [1-5]. LeuT shares approximately 20-25% sequence identity with MATs
[6]. LeuT also shares other similarities with MATs such as: 12 transmembrane alpha-
helices (Fig. 3.1), Na*/CI" gradient to transport the neurotransmitters, and a hypothesized
similar transport mechanism (alternating access) [1, 7]. LeuT has two unique binding
sites, an S1 site that accommodates substrate leucine and other amino acids [1, 2, 8] and
an S2 site which harbors the TCAs [3, 4] and selective serotonin reuptake inhibitors
(SSRIs) [5] (Fig. 3.1). However, according to another hypothesis substrate leucine binds
in both S1 and S2 sites [9]; this is still debatable. LeuT was extensively used to study the
structure, function and dynamics aspects of the MATs through various computational and
experimental approaches [6, 10-14]. Computer models of MATs generated using LeuT
were successfully used for drug discovery purposes as well, especially for addiction and
depression-related research [6, 10]. Here, we chose LeuT as an ideal system to test the
accuracy of FEP method in estimating the RBEs of amino acids and TCAs.

Binding free energy is a quantitative measure of how well a ligand binds with the
protein/receptor. Since the determination of binding free energies of ligands for a target

through experimental binding assays is an expensive process, free energy calculations are
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gaining prominence.

o 1l

Figure 3.2. TCAs and amino acids binding in LeuT.
(A) Clomipramine (pink), imipramine (cyan) and
desipramine (purple) in the S2 site; (B) leucine (pink),
alanine (blue) and glycine (yellow) in the S1 site. All
ligands are represented as sticks.

Computing the RBEs of ligands with a protein is a topic of interest, especially in drug
discovery. RBEs can be calculated using ABFE and RBFE methods; however, because of
the methodological challenges associated with ABFE methods, RBFE methods have been
extensively used for this purpose. RBFE methods are also used to calculate the impact of

protein mutation on the binding of a ligand and also for the lead optimization [15] in
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rational drug design. We used FEP method to calculate the RBEs [16]. Alchemical
methods have been used since the 1980s to calculate RBEs [17-20].

FEP is an MD-based method and explicitly treats protein, ligand and solvent using a
force field. The binding affinities estimated through FEP method are quantitatively
comparable to the experimental binding affinities. Most often, the calculated RBEs are
within 1 kcal/mol of the experimental values. These methods offer detailed molecular
insights by sampling in all degrees of freedom [21, 22]. Since the role of water in ligand
binding was illustrated through several studies, inclusion of water explicitly makes the
calculations more realistic [5]. The major advantage of RBFE calculations is the
cancelation of errors, given that both the ligands have a similar binding mode and protein
conformational changes have a similar impact on their binding. Limitations include (a) a
need for prior knowledge of at least one complex and (b) can handle only small
differences between ligands. Other factors affecting the accuracies of explicit free energy
calculations are poor convergence due to insufficient sampling and lack of good force
field parameters for drug-like molecules. Availability of better sampling techniques and
high-performance supercomputers solved the sampling issues to some extent. Also,
General force fields such as amber (GAFF) [23] and CHARMM (CGenFF) [24] can be
extended to organic molecules to get reasonable accuracy in free energy calculations
involving drug-like molecules. We used CGenFF parameters for calculations involving
TCAs.

FEP method was initially validated through estimation of RBEs of leucine-to-alanine
and alanine-to-glycine perturbations in LeuT. We chose these two perturbations as a test

case because crystal structures of all three amino acid ligands leucine, alanine and glycine
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with LeuT [2] were available, and they binded in the same pocket and shared a similar
binding mode (Fig. 3.2B). Also, the experimental inhibition constants (K;) of all three
amino acid ligands with LeuT were available [2], which enabled us to compare the
experimental and calculated RBEs and also their trends, apart from the availability of
well characterized force field parameters for the ligands. The calculated RBEs in both
these cases were in excellent agreement with the experimental values. The calculated and
experimental AAGs for the alanine-to-glycine perturbation were 3.26 + 0.05 and 2.85 +
0.22 kcal/mol, respectively; whereas in the case of leucine-to-alanine they were 3.34 +
0.07 and 3.17 £ 0.30 kcal/mol, respectively (Table 3.1). The calculated results were not
only in quantitative agreement with the experimental values. They also reproduced the
experimental binding trend: leucine binded stronger, followed by alanine and glycine
with LeuT [2]. These results show the reliability of FEP method in calculating the RBEs,
given that good force field parameters for the ligands and ample computational resources
for sufficient sampling are available. These results also demonstrate the applicability of
explicit free energy methods to membrane proteins such as LeuT.

With the confidence gained through amino acid perturbations, RBEs of TCAs
(clomipramine, imipramine and desipramine) with LeuT were calculated. All three TCAs
were co-crystallized with LeuT, and they bind in the S2 site (Fig. 3.1) in a similar
orientation (Fig. 3.2A). The structural differences between the three TCAs are minimal
(Fig. 3.7) and inhibit the protein in a similar manner [3, 4]. However, there is an
ambiguity with respect to the binding affinities and binding trends of the three TCAs with
LeuT. TCAs are weak binders and either experimental K; or K4 values with LeuT are not

available. Half maximal inhibitory concentration (ICso) values are available, but not for
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all three of them. Singh et al. reported only ICso values of just clomipramine and
imipramine with LeuT (ICso of clomipramine is 8 fold lower than imipramine), but not
desipramine [3]. However, Noskov et al. sought personal communication with Singh et
al. and reported that imipramine inhibits stronger than desipramine [25]. Therefore, the
experimental binding trend of TCAs with LeuT according to Singh et al. is that
clomipramine binds stronger followed by imipramine and desipramine. On the contrary,
Zhou et al. reported the ICso values of imipramine and desipramine but not clomipramine.
According to Zhou et al., desipramine is a potent inhibitor of leucine transport compared
to imipramine (three-fold) [4]. Zhao et al. through ABFE and RBFE calculations reported
a similar trend in binding affinities as Singh et al. However, they did not mention about
the binding trend of Zhou et al., which was opposite of Singh et al. [25]. In this paper,
they calculated the AAGs of clomipramine-to-imipramine and imipramine-to-desipramine
perturbations using the ABFE and RBFE methods; the calculated AAGs resulting from
both the methods were in reasonable agreement with each other. ABEs and RBEs were
estimated using the FEP methodology; however, in the ABFE calculations reduced GSBP
systems were used, and in the RBFE calculations the entire system was treated explicitly.
For the clomipramine-to-imipramine perturbation, the AAGs estimated through the ABFE
and RBFE methods were 0.2 and 0.4 kcal/mol, respectively; whereas the experimental
AAG was 1.26 kcal/mol. The calculated AAGs for the perturbation of imipramine-to-
desipramine using the ABFE and RBFE methods were 1.3 and 1.0 kcal/mol, respectively,
and the experimental AAG in this case was > 0 kcal/mol (The ICso of desipramine was
not reported; it was only reported that imipramine was more potent than desipramine).

Since the clomipramine-to-desipramine transformation was not considered for RBFE
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calculations, the AAGs resulting from ABFE and RBFE calculations cannot be compared.
The AAG of clomipramine-to-desipramine perturbation would have facilitated the
estimation of reliability of RBFE calculations. The sum of AAGs for the clomipramine-
to-imipramine, imipramine-to-desipramine and clomipramine-to-desipramine should add
to zero; because they did not do clomipramine-to-desipramine calculation we were not
able to test the validity of their results. Also, error bars were not reported for the RBFE
calculations. For all these reasons, we repeated the RBFE calculations of TCAs using
FEP method. Apart from clomipramine-to-imipramine and imipramine-to-desipramine
perturbations, we also performed clomipramine-to-desipramine perturbation.
Theoretically, the sum of all three calculated RBFEs should add up to zero, and this acts
as an extra check on the calculations. Our results do support Singh et al. and Zhao et al.
with regards to the binding trend of TCAs at LeuT and not Zhou et.al. The calculated

RBEs were also in excellent agreement with the experimental numbers.

3.2. Methods
3.2.1. Relative binding energy calculations
We used FEP [26] method to calculate the RBEs of ligands with the protein. RBFE
calculations are based on the thermodynamic cycle shown in Figure 3.3. Relative binding
(AAG) of two different ligands A and B to a protein P is estimated using equation 1.
AAG =AG, - AG, =AG, -AG, - Equation 1
AGs3 and AGy are the free energy changes of perturbing ligand A to B in the solvent and

the solvated protein P, respectively. AG; and AG; are the ABEs of ligands A and B,
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respectively, with a protein P. AG; and AG4 are estimated using FEP method. In FEP

method, free energy change (AG) between states A and B is calculated using equation 2.
AG(A—>B)=G,~G, =—K,Tin(exp (U, ~U,)/K,T]) - Equation 2

Ga and Gg are the free energies of states A and B, respectively; Ug and Ua are the

potentials of states B and A, respectively; Kg is Boltzmann constant; T is the temperature.

AG; AG,

- =
AG,

P + B —>» P B

-/ -/

Figure 3.3. Thermodynamic cycle for computing relative binding energies.
A and B are two different ligands and P is a protein.

Experimental RBEs (AAGexpt) were estimated using either experimental K; (in the

case of amino acids) or ICso values (in the case of TCAs) as shown in equations 3 and 4.

B
AAG,,,(A— B)=RTIn %j - Equation 3
Ick :
AAG,,, (A— B)=RTIn| — - Equation 4
1C,
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KB and K# are the inhibition constants of ligands B and A, respectively; IC) and ICZ, are
the half maximal inhibitory concentrations of ligands B and A, respectively; R is the gas

constant; T is the temperature.

3.2.2. System preparation and simulation details
All six crystal structures of LeuT with clomipramine (PDB ID: 2Q6H), imipramine (PDB
ID: 2Q72), desipramine (PDB ID: 2QB4), leucine (PDB ID: 3F4J), alanine (PDB ID:
3F3E) and glycine (PDB ID: 3F48) were downloaded from Protein Data Bank
(www.pdb.org) [27]. Crystal complexes were reprocessed using MOE. Appropriate
protonation states were assigned for the residues at pH 7, and hydrogens were added.
Further, they were solvated using VMD [28]. Final size of the simulation box was
approximately 89.0A X 103.0A X 87.0A in all six cases. The complexes were then
minimized using NAMD 2.9 [29] for 50,000s steps to remove steric clashes. Systems
were treated under periodic boundary condition. The minimized complexes were used for
calculating AGs. NAMD 2.9 was used to perform free energy calculations. For the
calculation of AGs3, crystal conformations of the ligands were placed in the water boxes
and minimized for 50,000s steps prior to calculation. Dual topology approach was
followed for perturbing the ligands. Protein, water, (TIP3P model [30]) and ions [31]
were treated using CHARMM force field. For TCA perturbations, CHARMM general
force field (CGenFF) was used, [24] and in the case of amino acid mutations CHARMM
force field parameters were used. Both AG3z and AGs simulations were performed in
forward and backward directions. This helps to assess the hysteresis and thereby

improves the statistical precision in free energy calculation. Reliability and efficiency of
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free energy calculations are enhanced using bidirectional simulations. Perturbations were
carried out by just turning off the intermolecular interactions of the outgoing atoms with
the environment and simultaneously turning on the intermolecular interactions of the
incoming atoms. Bonded interactions and masses of the perturbed atoms were not altered
in these perturbations. The transformation between initial and final states was divided
into multiple windows to get sufficient overlap between configurational ensembles and to
get reasonable accuracy [32]. Bennett acceptance ratio (BAR) method [33] was used to
calculate the free energy differences by combining the forward and backward
simulations. Analysis of the free energy simulations, binding energy and error bars was
carried using ParseFEP [34] plugin in VMD. The error bars are statistical errors in the
binding energy estimation. Probability density plots produced by ParseFEP plugin helped
assess the convergence between subsequent windows. Windows with poor convergence
were further split to get good convergence and to reduce the error in the calculation. The
transformation between initial and target states is a function of a coupling parameter (A).
A varies from 0 (initial state) to 1 (target state). End-point catastrophes were dealt with by
introducing soft-core potentials [35]. Electrostatics and van der Waals interactions were
turned off at 2=0.5 and A=1.0, respectively. Simulations were carried out under NPT
ensemble (temperature was 310K and pressure was 1 bar). A 2fs time step was used.
Particle mesh Ewald (PME) method [36] was used to treat long-range electrostatics,

whereas van der Waals and short-range electrostatics were cut off at 12A.
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3.2.2.1. Amino acid perturbations
For estimating AG3 and AGa, bidirectional simulations were carried, and the binding
energy was estimated using BAR method. In both cases, a 23ns simulation was
performed in each direction, and the simulation in each direction was split into 46

windows. In each window, the system was equilibrated for 0.1ns and data was collected

for 0.4ns.

3.2.2.2. TCA perturbations
Similar to the amino acid perturbations, the TCA perturbations were carried bi-

directionally, and a BAR estimator was used to calculate the binding energy.

3.2.2.2.1. Clomipramine-to-imipramine
For calculating AG4, a 1.5ns simulation in each direction was carried, and the entire
simulation was bifurcated into 293 windows. In each window, system was equilibrated
for 0.001ns and data was collected for 0.004ns. For AGs calculation, in each direction a
1.3ns simulation was performed and 263 windows were used. In each window, 0.001ns

equilibration and 0.004ns data were collected.

3.2.2.2.2. Imipramine-to-desipramine
In both AG3 and AGg4 calculations, in each direction a 1.3ns simulation was performed and
263 windows were used. In each window, 0.001ns equilibration and 0.004ns data

collection were carried.
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3.2.2.2.3. Clomipramine-to-desipramine
In this perturbation, a 5.2ns simulation was carried for estimating AG3 and AGy in either
direction, and the simulation in each direction was split into 263 windows. In each

window, 0.004ns equilibration and 0.016ns data collection were carried.

3.3. Results and Discussion
3.3.1. Relative binding of amino acid ligands leucine, alanine, and glycine
with LeuT
As stated earlier, we initially validated the FEP method through alanine-to-glycine and
leucine-to-alanine perturbations. Chemical structures of leucine, alanine and glycine are
shown in Figure 3.4. In the alanine-to-glycine perturbation, the methyl side chain
(highlighted in blue in Fig. 3.4B) attached to the alpha carbon was converted to a
hydrogen atom (highlighted in pink in Fig. 3.4C). In the leucine-to-alanine perturbation,
the isobutyl side chain (highlighted in red in Fig. 3.4A) was converted to a methyl group

(highlighted in blue in Fig. 3.4B).

A B C
o o o
i, | | |
H,C C C H,C C H C
\TH \TH o \TH o \TH o
CH; *NH,4 *NH,4 *NH,4

Figure 3.4. Chemical structures of leucine (A), alanine (B) and glycine (C).
Structural differences are highlighted in red, blue, and pink.
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AG3; and AGg for the alanine-to-glycine perturbation were -5.00 + 0.02 and -1.74 +
0.03 kcal/mol, respectively. The calculated AAG was 3.26 + 0.05 kcal/mol, whereas the
experimental AAG was 2.85 + 0.22 kcal/mol (Table 3.1). Simulations converged quickly
and perfectly in the water box (Table 3.1 and Fig. 3.5A) unlike in the protein (Table 3.1
and Fig. 3.5B). The hysteresis between the forward and backward simulations in AGj3
calculation was minimal (0.05 kcal/mol, Fig. 3.5A); whereas in the case of AGy it was
0.84 kcal/mol (Fig. 3.5B). Hydrogen is more soluble compared to a methyl group in
water, and our result (-5.00 kcal/mol) in mutating the alanine-to-glycine in water supports
this fact. The impact of mutating the alanine-to-glycine in water (-5.00 = 0.02 kcal/mol)
was more compared to the protein (-1.74 &+ 0.03 kcal/mol), and this shows that the methyl
group prefers to stay in the protein compared to the solvent. This might be because
pocket environment is hydrophobic compared to bulk solvent. The calculated AAG of
alanine-to-glycine was positive (3.26 £ 0.05 kcal/mol) and unfavorable (Fig. 3.5C and
Table 3.1), which indicates that LeuT prefers to bind with alanine compared to glycine.
This is due to the more hydrophobic nature of alanine compared to glycine. Since the
pocket is predominantly hydrophobic, it favors alanine than glycine. Also, because of its
size alanine fits better in the pocket than glycine and indulges in favorable van der Waals
interactions with the pocket residues. The other important factor might be the desolvation
penalty for the ligand to enter the hydrophobic pocket from the bulk solvent. Since
glycine is less hydrophobic than alanine, it is more soluble in water compared to alanine
and has to pay more penalty to enter the hydrophobic pocket of LeuT compared to

alanine. The calculated AAG was slightly overestimated compared to the experimental
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AAG; however, the calculated AAG was within 0.41 kcal/mol of the experimental AAG
(Table 3.1).

AG3; and AGy for the leucine-to-alanine transformation were -2.63 + 0.03 kcal/mol
and 0.71 + 0.04 kcal/mol, respectively; whereas the calculated and experimental RBEs
were 3.34 £ 0.07 and 3.17 £ 0.30 kcal/mol, respectively. Interestingly, simulations
converged better in the case of AGs4 (Fig. 3.5E and Table 3.1) rather than AGs (Fig. 3.5D
and Table 3.1). This might be because isobutyl to methyl perturbation is huge and this
perturbation samples huge volume in the water box compared to the protein pocket as it
is packed and needs more simulation time in the water box than in the protein to get
reasonable convergence. The hysteresis between the forward and backward simulations
in AGs calculation was 0.64 kcal/mol, whereas in the case of AGs it was 0.52 kcal/mol.
Compared to an isobutyl group, a methyl group is less hydrophobic and expected to
solubilize more in water, and our result (-2.63 £+ 0.03 kcal/mol) supports this fact. The
calculated AAG was positive indicating that leucine binds stronger with LeuT compared
to alanine. This is because leucine is a natural substrate of LeuT, and it is tightly packed
compared to alanine in the protein pocket. Also, leucine is more hydrophobic compared
to alanine, and LeuT pocket is predominantly hydrophobic; therefore, leucine can form
more favorable van der Waals interactions compared to alanine with LeuT. Another
factor might be the lower desolvation penalty of leucine compared to alanine to bind in
the hydrophobic pocket. Since leucine is more hydrophobic than alanine, the desolvation
penalty for leucine to enter the hydrophobic pocket should be lower compared to alanine.

Similar to the alanine-to-glycine mutation, the calculated AAG was slightly overestimated

compared to the experimental AAG, but it falls within the experimental error. This might
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be because we used the crystal structure of LeuT:leucine for this calculation; when the
crystal structures of alanine:LeuT and leucine:LeuT were compared, some of the pocket
residues (F259 and 1359) in the alanine:LeuT crystal structure moved into the pocket
compared to the leucine:LeuT crystal structure to compensate for the smaller size of
alanine[2]. Since we used the crystal structure of LeuT:Leucine for this calculation, the
sampling time might not be sufficient for the leucine pocket in LeuT to adjust or collapse
into alanine pocket. Therefore, alanine might not interact with the pocket as intended,
making the perturbation more unfavorable than expected.

RBEs of leucine-to-alanine and alanine-to-glycine mutations were estimated
earlier by Sergei Noskov as the difference of ABEs [37]. FEP method was used to
calculate the ABEs in this paper. For the sake of efficiency, only atoms within 20A of the
ligand were treated explicitly in these calculations, and the rest of the system was treated
using reduced generalized solvent boundary potential (GSBP). In this study only the
crystal structure of LeuT:Leucine complex was used since LeuT:Alanine and
LeuT:Glycine crystal structures were not available at the time of this publication.
Therefore, they modeled LeuT:Alanine and LeuT:Glycine complexes using
LeuT:Leucine crystal structure for the free energy calculations. Also, error bars for ABEs
and RBEs (calculated and experimental) were not provided in Noskov’s paper. In our
RBFE calculations, we considered the crystal structures of all three amino acids with

LeuT.
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Table 3.1. Relative binding energies of amino acids leucine, alanine, and glycine with LeuT.

AGs3 AGy AAGcale AAGExpt
For Back BAR For Back BAR

Ala-> Gly -5.03 498 -5.00+0.02 -1.29 213 -1.74+£0.03 3.26+0.05 2.85+0.22°
Leu > Ala -3.01 237 -2.63+£0.03 092 -040 0.71+£0.04 3.34+0.07 3.17+0.30°

All energies are

in kcal/mol. AAGcac and AAGexy,: are the calculated and experimental RBEs. Ala, Leu, and Gly refer to
leucine, alanine,

and glycine, respectively. For and Back refer to forward and backward simulations. BAR is free energy
estimated through Bennett acceptance ratio method. All energies are in kcal/mol. “**The experimental RBEs were calculated as
the difference of experimental K; values of the amino acids with LeuT [2].
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Figure 3.5. Convergence of the simulations in the amino acid ligand perturbations.

Left and right columns represent the alanine-to-glycine and leucine-to-alanine
transformations, respectively. A, B, and C are free energy changes vs.
A0000e000000O000 AGs, AGs, and BAR values in the alanine-to-glycine
transformation; D, E, and F are corresponding values for the leucine-to-alanine

transformation.

The earlier reported RBFE for this transformation (estimated as the difference of

ABEs) was 2.3 kcal/mol, whereas our calculated AAG was 3.34 + 0.07 kcal/mol, and the

experimental AAG was 3.17 £ 0.30 kcal/mol. The earlier reported AAG for the alanine-to-
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glycine mutation (3.2 kcal/mol) was in good agreement with our calculated AAG (3.26 +
0.05 kcal/mol) and the experimental AAG (2.85 + 0.22 kcal/mol). The experimental AAGs
reported in Noskov’s paper were slightly different from ours because they used
experimental Ky values, and we considered experimental K; values for calculating the
experimental AAGs. Kq values for all three amino acid ligands were not available, but K;
values were.

Our results were not only in quantitative agreement with the experimental values,
but they also reproduced the experimental binding trend, that is leucine binds stronger
followed by alanine and glycine with LeuT. These calculations not only validated the
FEP method, but also acted as a test for the CHARMM force field parameters of the
amino acids. We used the ParseFEP [34] plugin in VMD [28] to analyze the free energy
simulations and to calculate the BAR values. Convergence of the simulations was

carefully monitored using the probability density plots generated by ParseFEP plugin.

3.3.2. Relative binding of clomipramine, imipramine and desipramine with
LeuT
Next, we calculated the RBEs of TCAs with LeuT using the FEP method and compared
RBEs to the experimental numbers. Since experimental K4 or K; values were not
available, we used ICso values to calculate the experimental AAGs. Dual topology
approach was adopted for TCA calculations as well. The three TCAs are structurally very
similar, and the differences are highlighted in Figure 3.6. We performed three
perturbations calculations; clomipramine-to-imipramine, imipramine-to-desipramine, and

clomipramine-to-desipramine.
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In the clomipramine-to-imipramine perturbation, the chlorine atom of
clomipramine (colored green in Fig. 3.6A) was mutated to a hydrogen atom; in the
imipramine-to-desipramine perturbation, the methyl group attached to the protonated
nitrogen (colored blue in the Fig. 3.6B) was mutated to a hydrogen atom; in the
clomipramine-to-desipramine mutation, the chlorine atom attached to the tricyclic rings
(colored green in Fig. 3.6A) and the methyl group attached to the protonated nitrogen
(colored red in the Fig. 3.6A) were mutated to hydrogens at respective positions. AG3 and
AGy for the clomipramine-to-imipramine perturbation were 0.40 = 0.11 and 1.42 + 0.07,
respectively. Simulations reasonably converged in both AG; (Fig. 3.7A) and AG4 (Fig.
3.7B) calculations. The hystereses in AGz and AGs calculations were minimal (0.08

kcal/mol in either case) (Table 3.2).
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Table 3.2. Relative binding energies of the three TCAs with LeuT estimated using FEP method.

AGs3 AGy AAGcale AAGExpt
For Back BAR For Back BAR

Clo>Imi 037 -029 0.40+0.11 1.26 -1.18 1.42+0.07 1.02+0.18 126+0.17*
Imi > Des -2.78 3.48 -3.47+0.12 -144 267 -220+£0.15 1.27+0.27 >0.0°
Clo > Des -2.29 242 -2.77+0.10 0.07 122 -0.56+0.12 2.21+0.22 >1.26°

All energies are in kcal/mol. AAGcac and AAGeyp: are the calculated and experimental RBEs. Clo, Imi, and Des refer to
clomipramine, imipramine, and desipramine, respectively. *The experimental RBFE of clomipramine-to-imipramine
mutation [3]; ®“The experimental RBEs of imipramine-to-desipramine and clomipramine-to-desipramine mutations [3, 25,
38]. The error bars associated with the calculated RBEs are the statistical errors in binding energy estimation.
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The calculated AAG was 1.02 + 0.18 kcal/mol (Fig. 3.7C and Table 3.2), and the
experimental AAG was 1.26 £+ 0.17 kcal/mol. The positive value of AAG indicates that the
clomipramine-to-imipramine perturbation was unfavorable, which means clomipramine
binds stronger with LeuT compared to the imipramine. The chlorine of clomipramine
indulges in a polar interaction with the side chain amide of glu34. Imipramine lacking
this chlorine cannot form this interaction and that partially explains the stronger potency
of clomipramine compared to imipramine with LeuT [3]. Zhao et al. estimated AAG for
this perturbation through the ABFE and RBFE calculations, which were 0.2 kcal/mol and
0.4 kcal/mol, respectively [25].

In the case of the imipramine-to-desipramine mutation, AGs and AGs were
estimated as -3.47 + 0.12 and -2.20 + 0.15 kcal/mol, respectively. As shown in Figures
3.7D and 3.7E, simulations were well converged in both AGs; and AGy calculations.
Hysteresis between the forward and backward simulations in AG3 calculation was smaller
(0.7 kcal/mol) compared to the AG4 calculation (1.23 kcal/mol) (Table 3.2).

Our result (AG3; =-3.47 + 0.12 kcal/mol) supports the fact that imipramine with
an extra methyl moiety is less soluble compared to desipramine in water. The calculated
AAG was 1.27 £ 0.27 kcal/mol, which indicates that the perturbation is unfavorable and
also that imipramine is a strong binder with LeuT compared to desipramine. We cannot
quantitatively compare our calculated AAG to the experimental value since the ICso of
desipramine with LeuT was not reported by Singh et al. However, it was reported that
desipramine was a less potent inhibitor of LeuT compared to imipramine, and our result
supports it[25, 38]. The calculated AAGs of Zhao et al. for this mutation were 1.3

kcal/mol (through ABFE calculations) and 1.0 kcal/mol (through RBFE calculations)
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[25], which were in good agreement with our calculated AAG (1.27 £ 0.27 kcal/mol).
Imipramine because of the extra methyl group is more hydrophobic compared to
desipramine and can form more favorable van der Waals interactions with the pocket
residues (F320 and A319) than desipramine. This partially explains the increased potency
of imipramine compared to desipramine. Also, the desolvation penalty required to enter
the pocket from the bulk should be less in the case of imipramine compared to
desipramine because imipramine is more hydrophobic than desipramine.

Finally, we estimated the AAG of clomipramine-to-desipramine perturbation. AGs3
and AGy for this calculation were -2.77 £ 0.10 and -0.56 + 0.12 kcal/mol, respectively.
The hysteresis between the forward and backward calculation for estimating AG3 and
AGs were 0.13 and 1.29 kcal/mol, respectively (Table 3.2). Simulations were reasonably
converged in both AG3 and AGgy calculations (Fig. 3.7G,H). This calculation allows us to
check the reliability and consistency of our RBFE calculations. Theoretically, the
calculated AAG of clomipramine-to-desipramine perturbation should be equal to the sum
of AAGs of clomipramine-to-imipramine and imipramine-to-desipramine perturbations.
The calculated AAG (2.21 £ 0.22 kcal/mol) was in good agreement with the sum of AAGs
of clomipramine-to-imipramine and imipramine-to-desipramine perturbations (2.29 +
0.45 kcal/mol), and this shows the consistency of RBFE methodology. Also, the sum of
AG; (-3.07 kcal/mol) and AGs (-0.78 kcal/mol) values for the clomipramine-to-
imipramine and imipramine-to-desipramine perturbations were in good agreement with
the direct clomipramine-to-desipramine perturbation (-2.77 and -0.56 kcal/mol). The

positive AAG indicates that the transformation was unfavorable, and as expected,
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clomipramine was a potent inhibitor compared to desipramine. Since the ICso of
desipramine was not available, we were not able to compare quantitatively.

However, since the experimental AAG of clomipramine-to-desipramine
perturbation is equal to the sum of experimental AAGs of clomipramine-to-imipramine
and imipramine-to-desipramine perturbations, AAGgxp: for clomipramine-to-desipramine
should be greater than 1.26 kcal/mol. AAGgxp: was in good agreement with our AAGcalc
(2.21 £ 0.22 kcal/mol). Since Zhao et al. did not perform this calculation, we cannot
compare the calculated AAG[ in this case. Unlike desipramine, clomipramine has an
extra chlorine atom on the aromatic ring and can form a polar interaction with the side
chain amide of glu34. Clomipramine also has an extra methyl group attached to the tail
and can form favorable van der Waals interactions with the pocket residues. These
reasons might explain the stronger potency of clomipramine compared to the
desipramine.

Theoretically, the sum of AAGs of clomipramine-to-imipramine and imipramine-
to-desipramine perturbations is quantitatively equal and opposite in sign to the AAG of
clomipramine-to-desipramine perturbation; therefore, the sum of all three AAGs should
add up to zero as shown below. The sum of all three calculated AAGs was 0.08 kcal/mol

and proves the reliability of our calculations.

1.02
Clo ———> Imi

2.21\‘ /.27

Desi
AAGCIO -> Imi 4 AAGImi -> Desi (_AAGCIO > Desi) = O

1.02 +1.27 - 2.21 = 0.08
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Overall, our results indicate that the order of binding of TCAs with LeuT is clomipramine

followed by imipramine and desipramine.

3.4. Conclusions
We estimated the relative binding affinities of TCAs clomipramine, imipramine and
desipramine with LeuT through relative binding energy calculations. We used the FEP
method to calculate the relative binding affinities. Our results indicate that clomipramine
binds stronger than imipramine, followed by desipramine. This binding trend was in
agreement with the experimental binding trend of Singh et al. Zhao et al. also supported
this binding trend through binding energy calculations. Also, the calculated relative
binding energies were in excellent agreement with the experimental binding energies. We
used the ParseFEP tool in VMD to assist in accurately estimating the binding energies.
ParseFEP facilitated the analysis of FEP calculations and application of good practices in
free energy calculations. We initially tested the ability of relative binding energy method
to reproduce the experimental binding energies through leucine-to-alanine and alanine-to-
glycine transformations with LeuT. The calculated relative binding energies in both the
cases were within 0.4 kcal/mol of the experimental values. Our results demonstrate that,
provided good force field parameters and adequate sampling, reasonable accuracy in

estimation of binding free energies is achievable.
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4. CHAPTER 4

MODELING THE BINDING OF INHIBITORS DJLDU-3-79 AND

SSA-426 IN THE HUMAN SEROTONIN TRANSPORTER

4.1. Introduction

Monoamine transporters (MATSs) such as the human serotonin transporter (hSERT), the
human norepinephrine transporter (hNET), and the human dopamine transporter (hDAT)
are membrane proteins whose function is to reuptake serotonin, norepinephrine and
dopamine from the synapse into the presynaptic neuron, thereby maintaining homeostasis
in the body. MATs play a key role in modulating sleeps, appetite, reward, fear, sexual
drive, and motivation [1]. MATs are implicated in several CNS disorders such as
depression, substance abuse and addiction, attention deficit hyperactivity disorder
(ADHD), orthostatic hypertension, obsessive-compulsive disorder, Parkinson’s disease,
and schizophrenia [2-7]. MATs belongs to the NSS family [8] and use sodium gradient to
drive the neurotransmitters across the membrane [9]. hSERT requires symport of one
Na', one CI" and antiport of one K* ion to transport one substrate molecule across the
membrane [10, 11].

Depression is a major psychological disorder affecting 121 million people around
the world, and in the USA alone approximately 30 million people are suffering every
year [12]. About one million people commit suicide yearly because of depression [13].
Already depression is the second-highest cause of DALYs (Disability Adjusted Life

Years) in the age group of 15-44 today [14]. According to the world health organization,

138



depression is projected as the second largest health disorder by 2020 [13]. Health care
costs per person diagnosed with depression in the USA was projected as $23,000 per year
in 2012 [12]. Despite the seriousness of the condition, there is no sophisticated treatment
for depression. Although several drugs are available for treating depression, they have
several limitations such as adverse effects, a latency phase of 3-4 weeks and a high
percentage of non-respondents (approximately 30%) [15]. This necessitates the
development of novel medication to treat depression.

hSERT is the primary target for several antidepressants and has been the target of
antidepressant drug discovery for over five decades. Several of the currently prescribed
antidepressants primarily act at hSERT, including tricyclic antidepressants (TCAs),
selective serotonin reuptake inhibitors (SSRIs) and serotonin-norepinephrine reuptake
inhibitors (SNRIs). Since the first class of antidepressants (e.g., TCAs) act on adrenergic,
muscarinic acetylcholine and histamine receptors along with hSERT and hNET, thereby
causing several adverse effects [16, 17], more selective antidepressants popularly known
as SSRIs were discovered [18]. Although SSRIs are better than TCAs, they are not
completely free of adverse effects. For example, SSRIs are known for causing insomnia
or hypersomnia, somnolence, weight gain, gastrointestinal disturbances, cardiovascular
problems and sexual dysfunction. These adverse effects are the result of secondary
interactions of these drugs with several serotonin receptors. SSRIs are the most effective
and highly prescribed antidepressants to date in the market and act by selectively
inhibiting the hSERT. However, the molecular basis for their selectivity and efficacy,
binding site location and drug binding mode is unknown and is highly debated [19].

Although several critical residues for antidepressant selectivity and affinity were
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identified through mutagenesis experiments [20-24], non-availability of the crystal
structure of hSERT hampers the development of better therapeutics for treating
depression.

Knowledge of the binding site and interaction of the drugs with hSERT prove
critical for the potential development of future therapeutic agents. However, there is no
clarity with regards to the binding site and the binding mode of antidepressants in
hSERT. Although hSERT has been extensively studied with several experimental and
computational methods, several predictions remain controversial because of the non-
availability of crystal structure of hSERT. For example, several studies proposed that
antidepressants bind with high-affinity to the hSERT S1 pocket (Fig. 4.1) and the method
of inhibition was competitive [20, 22-36]. This was further supported by studies showing
that antidepressants depend on ions to bind with hSERT [37, 38]. On the contrary, there
is a second hypothesis that has evidence to show that antidepressants bind in the S2
pocket (Fig. 4.1) of hSERT and inhibit the protein in a noncompetitive manner [39-41].
The third hypothesis was that antidepressants bind to both S1 and S2 pockets in hSERT
and inhibit the transporter by allosterism [42-46]. Lately, studies focused on the inhibitor
ibogaine predict that it binds at a site other than S1 and S2 in hSERT [47].

To better understand the structural and functional aspects of hSERT and to gain
insight into the molecular basis of drug affinity, selectivity and the inhibition process,
computer models of hSERT were developed based on leucine transporter (LeuT) as a
template [20, 23, 34, 35, 48-50]. LeuT is a bacterial membrane protein from Aquifex
aeolicus, belongs to the NSS family and shares 20-25% sequence identity with hSERT

[51].
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Figure 4.1. Serotonin transporter embedded in a membrane bilayer.
The S1 or primary binding site (colored pink) is located halfway
through the protein, and the S2 or secondary binding site (colored
blue) is positioned towards the extracellular side. Transmembrane
(TM) helices 1, 3, 6, and 8 are colored orange, green, red, and blue,
respectively; remaining TM helices are colored yellow. The
membrane bilayer is colored green.

LeuT was the first member of the NSS family that has been crystallized, and, to
date, over 38 crystal structures of LeuT are available with various amino acids [52, 53],
TCAs [41, 54] and SSRIs [39]. Several aspects of LeuT include the following: binding
pockets of various substrates and antidepressants, binding modes, mechanism of binding,
transport and inhibition, different conformation states of protein, key structural
determinants for ligand binding, and transport and inhibition. These aspects were
extensively studied using various pharmacological, biophysical and computational
experiments. With regards to the binding sites, similar to hSERT, LeuT has two
distinguished binding pockets, S1 and S2. Substrate leucine [53] and other amino acids

like alanine, glycine and tryptophan [52] bind in the S1 site, whereas antidepressants
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TCAs [41, 54] and SSRIs [39] bind in the S2 site of LeuT. However, there is controversy
with regards to the substrate-binding site in LeuT. Shi et al. proposed that there are two
high-affinity substrate binding sites in LeuT (i.e., S1 and S2), and leucine occupies both
the S1 and S2 sites simultaneously and substrate in the S2 site allosterically triggers the
release of substrate from S1 site into the intracellular side [55]. However, this was later
contradicted by Piscitelli et al. through various studies, which concluded that LeuT has
only one high-affinity substrate-binding site (i.e., S1) [56]. Computer models of hSERT
developed using LeuT were useful in guiding site-directed mutagenesis experiments [23],
structure-based drug design to identify novel lead compounds [49, 57], exploration of
binding sites [58] and for understanding the substrate translocation mechanism [59].

In view of this ambiguity and significance of hSERT in depression treatment, we
explored the binding sites and binding modes of two antidepressant lead compounds
SSA-426 and DJLDU-3-79 [40] in hSERT using a computational protocol involving
active site detection, docking, scoring, MD simulations and ABFE calculations. Active
site detection is a process of identifying the binding sites in a protein. Binding pockets are
the regions where drugs bind and interact with the protein. Therefore, identifying binding
pockets on proteins is key for the rational design of novel therapeutics in the structure-
based drug design. Docking is a process of generating all possible conformations of the
ligand in the binding site of the protein. Scoring functions play a key role in ranking
compounds in the computational drug screening approaches and also to rank various
poses of a compound in docking simulations. Today in drug discovery, docking and
scoring protocols are playing a significant role in lead identification and optimization.

We utilized a unique protocol called AADS, which stands for automated active site
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detection, docking and scoring [60], to identify the active site and bioactive conformation
of the ligand. Further, we employed MD simulations and ABFE calculations to confirm
or validate AADS results, thereby identifying the most probable bioactive conformation
of the ligand and its binding site in the protein. We used the FEP technique to calculate
ABEs. Identifying the binding mode allows optimizing the inhibitor for better affinity
and improving selectivity.

We initially validated the AADS protocol on five different LeuT crystal
structures, where it successfully identified the active sites and reproduced the bioactive
conformation of the ligands with reasonable accuracy. In all five cases, the active site was
among the top 10 cavities identified, and the bioactive conformation of the ligand was
within the top five AADS poses, except in the case of 2A65, where it was ranked 8th.
Identification of a ligand pose is nearly superimposable on the bioactive conformation
within the top 10 docking poses, which improved our confidence in the scoring function.
These results prove that it is applicable to huge membrane proteins such as LeuT and
hSERT. We also validated the ABFE method with LeuBAT:Clomipramine crystal
complex [36] (PDB ID: 4AMMA). The calculated binding affinity (-7.69 + 0.34 kcal/mol)
correlated well with the experimental binding value (-8.25 + 0.05 kcal/mol).

Finally, we applied this protocol to the hSERT homology model to explore the
binding sites and the binding modes of antidepressant lead compounds SSA-426 and
DJLDU-3-79. We used the homology model of hSERT developed by Manepalli et al. for
this purpose [49]. SSA-426 is a dual hSERT and 5-HTia-receptor antagonist and
possesses a higher affinity for hRSERT (Ki =2.34 + 0.59nM). DJLDU-3-79 is our in-house

designed antidepressant lead compound and a molecular hybrid of SSA-426 and MI-17,
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which is a virtual screening hit compound. The binding affinity (K;) of DJLDU-3-79 with
hSERT is 37 £ 4nM [48]. Since DJDLU-3-79 and SSA-426 are structurally similar,
Nolan et al. proposed that both these inhibitors bind in the same pocket (i.e., S2) and in a
similar orientation in hSERT [48]. However, our results do not correlate with the earlier
predictions. Instead, we observed that these two inhibitors bind in the S1 site of hSERT,
but in a similar orientation as proposed by Nolan et.al. We also identified a pose of
DJLDU-3-79 binding in the S2 site, which is stable in the MD simulations and
energetically less favorable than the pose binding in the S1 site. We propose this as the
metastable pose and the S2 site as the low energy binding metastable site of DJLDU-3-79
in hSERT. Our results also indicate that it is not always wise to use one static structure of
the protein for docking purposes, as it restricts the sampling of ligand conformations in

the protein.

4.2. Materials and Methods
4.2.1. Computational protocol
The computational protocol we followed for identifying the binding site and binding
mode of the inhibitors is shown in Figure 4.2. The first step of our protocol was to
develop the hSERT homology model since the crystal structure is not yet available.
However, we used the homology model of hSERT developed by Manepalli et al. [48] for
this study. In the next step, binding sites in the protein were identified to dock the
ligands. Then we docked the ligands and ranked the poses via scoring functions. For
active site identification, docking and scoring purposes we used a web server, known as

AADS [60]. We used AADS and molecular operating environment (MOE) software to
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obtain docked poses [61]. The poses of interest were selected and MD simulations were
performed to test the stability and also to understand the various interactions playing a
key role in the binding of a ligand in the pocket. The last step is computing binding
energies of various poses using the ABFE method. The ABFE method depends on the
FEP technique; although it is computationally demanding, it is rigorous and accurate
compared to scoring functions. Other advantages of the FEP method over scoring
functions are the inclusion of protein flexibility and explicit water in the simulations. The
pose whose calculated binding affinity matches with the experimental binding energy
was considered the most probable experimental binding pose, and the site in which it is

binding is considered the possible binding pocket of the ligand in hSERT.

4.2.1.1. Automated active site identification and scoring protocol
(AADS)
AADS [60] is a robust automated protocol for active site detection, docking and scoring
in proteins. It is three individual computational tools tied together to make the process
easier. AADS methodology can be divided into three steps. In step 1, when a nascent
protein is given to the AADS server, it identifies all the cavities in the protein and ranks
them based on physiochemical properties of the functional groups circling the cavities. In
step 2, the ligand of interest is docked into the top 10 ranked cavities and generates
~1000 conformations and finally saves eight low energy docked poses at each site. In
step 3, all the 80 low energy docked poses corresponding to the 10 sites are energy

minimized and ranked using a free energy scoring function and outputs ten best-ranked
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complexes. Expectations of AADS are that it should predict the active site within the top

10 cavities and bioactive conformation of the ligand within the top 5 poses.

hSERT/LeuT sequence

Y

hSERT homology model

Y

Active site identification

Y

Docking and scoring

Y

Poses of interest

Y

Equlibration/production MD
simulations

Y

Absolute binding energy calculations
via FEP method

Y

Probable binding pose/binding site

Figure 4.2. Computational protocol
for elucidating the binding site and
binding mode of inhibitors.

4.2.1.1.1. Active site finder
Active site finder [60] is a geometric-based algorithm and typically works in 3 steps. In
the first-step, average coordinates of the grid points in the 4A cluster are determined. A
4A cluster is a collection of grid points within a 4A radius and encircled by protein atoms

from two sides. In step 2, the average points surrounded by greater than 150 atoms of

146



protein are identified and clustered into 10A radii, and a reference point is generated to
represent the 10A cavity position in the protein. Finally, all the cavities are ranked using
equation 1. In scoring the cavities, physicochemical properties of the residues lining the
cavities such as the number of hydrogen bond donors, acceptors, aromatic rings, and

hydrophobic atoms were considered along with the volume of the cavity.

U x [
0] DXD%@%
Score, = Loty N ’ - Equation 1

Scorec is the score of cavity C; N is the total number of properties considered in
calculating the score and in this case it is 5; P refers to properties such as the hydrogen
bond donor, acceptor, aromatic rings, hydrophobic atoms and volume of the cavity; Xprc
is the value of the property P in the cavity C; X7 is the maximum value of that property
in the protein. It is believed that the higher the score of a cavity, the higher the chances of

that cavity being the active site in the protein.

4.2.1.1.2. Docking
Docking is carried through a program called Pardock (Parallel Dock). Docking of the
candidate molecule at the top 10 sites and generation of conformations occurs in 5 stages
[62]. In stage 1, the protein and the candidate molecule are prepared for docking
calculations. Input conformation of the ligand is considered for docking purposes.
Hydrogens are added to the ligand using AMBER [48] and an appropriate ionization state
is assigned. Then the ligand is geometrically optimized through the AM1 procedure, and
partial charges are derived through the AM1-BCC procedure [63]. Atom types, bond

angle, dihedral and van der Waals parameters for the ligand are assigned using the GAFF
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force field [64]. In stage 2, ligand is translated to the top 10 cavities identified by the
active site finder. In stage 3, a cubic grid of 1A resolution is generated around the protein,
and the translational points with less number of clashes are identified for docking. In
stage 4, at each of the ten binding sites around 1000 conformations are generated using a
six-dimensional rigid body Monte Carlo methodology. All the conformations are ranked
through a scoring function, which calculates the interaction energy of ligand

conformations with a protein based on equation 2.

E=D(E +E +Ehpb) - Equation 2

vew
E is the interaction energy between the ligand atoms and proteins atoms, and X is the sum
over all ligand atoms; Eecee, Evaw and Enpbp are the electrostatic, van der Waals and
hydrophobic components.

In stage 5, the eight lowest energy conformations at each binding site are

collected for the next stage of the calculation.

4.2.1.1.3. Scoring function
The eighty lowest energy conformations collected in stage 5 of the docking are energy
minimized through AMBER [48] and ranked based on an empirical scoring function

called BAPPL [65]. Change in binding energy (AG) is calculated using equation 3.

AG = O!( ele + /3 vdw (EOA LSA) ASCR) 0 - Equation 3

Eele and Evaw are the electrostatic and van der Waals components; AArsa is the loss in

surface area; oa is the atomic desolvation parameter; AScr is the loss in conformational
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entropy. a, B, and A are the empirical coefficients for electrostatics, van der Waals and

conformational entropy, respectively; o is a constant.

4.2.1.2. AADS validation on LeuT crystal structures

We tested the AADS capability to explore binding sites and to retrieve the bioactive
conformation of the ligand on five different LeuT crystal structures. All the five crystal
structures (2A65, 2Q72, 3F3A, 3GWU, 3GWV) of LeuT were downloaded from the
Protein Data Bank (www.pdb.org). Water, ions, and ligands were removed from the
crystal structures using MOE software. The protonation states were assigned using the
protonate 3D capability in MOE and hydrogens were added. All the crystal structures
were then saved in standard pdb format and given as input to the AADS. Initially, AADS
identified all possible cavities in the protein and ranked them using the scoring function
as described earlier. AADS output consisted of all the cavities identified in the order of
their ranks along with the residues forming the cavities, coordinates of the atoms
surrounding the cavities, cavity points and volume of the cavities. Then the ligand of
interest was provided to the AADS in standard pdb format and the total charge of the
ligand was specified. Ligands were initially built in MOE using the molecule builder
utility, protonation states were assigned using protonate 3D, hydrogens were added,
energy minimized, and finally saved as pdb. The top 10 poses of the ligand in complex
with the protein along with their binding energies (in kcal/mol) were output by AADS.

The AADS results were summarized in Table 4.1. Cavities of LeuT identified by
AADS were validated by comparing them against the pockets in the crystal structures. To

identify a ligand pose closest to the bioactive conformation, all the ten AADS ligand
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poses were superposed onto the crystal conformation of the ligand and calculated the

RMSD.

4.2.1.3. Application of AADS to hSERT
AADS was applied to the hSERT homology model to explore the binding sites and the
binding modes of SSA-426 and DJLDU-3-79. The development of hSERT homology
model was previously described [66]. The rest of the procedure is the same as explained

in section 1.2.1.2.

4.2.1.4. hSERT docking using MOE docking protocol
Induced-fit docking protocol in MOE was used to dock the ligands in the hSERT.
Initially, the protein-ligand complex for docking was prepared in MOE. Ligand
coordinates were generated using MOE. Two Na” ions and one Cl ion were placed at
appropriate positions in the protein. Appropriate protonation states for the protein
residues were assigned using the protonate 3D capability in MOE. The CHARMM force
field was used to assign hydrogens and to add partial charges to the protein atoms, ligand
atoms, and ions. The alpha site-finder in MOE was used to define the docking site in the
protein. Wall constraints (radius 8A) were placed around the docking site to restrict the
docking poses. The proxy triangle placement method in combination with the London dG
scoring function was employed to dock the ligands. Further, all the poses were refined via

the force field refinement scheme and ranked through the affinity dG function.
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4.2.1.5. System preparation and protocol for MD simulations
Protein:Ligand complexes resulting from the AADS server were reprocessed using MOE.
Two Na' ions and one Cl ion were placed at appropriate places in the protein, and the
titratable residues were protonated appropriately at pH 7. The system prepared in MOE
was hydrated using VMD [67]. The size of the simulation box was 90A X 100A X 96A.
The final system contains one hSERT protein, one ligand, 24,428 waters, two sodium
ions and one chloride ion, to create a total of 81,764 atoms. Molecular dynamics
simulations were performed using NAMD [68] in periodic boundary conditions. The
system was initially energy minimized for 50,000 steps to remove steric clashes.
Following minimization, systems were equilibrated in NPT ensemble (temperature =
310K and pressure = 1 bar) for 2ns. A 2fs time step was used; van der Waals and short-
range electrostatics were cut off at 12A. Long-range electrostatics were treated using the
particle mesh Ewald (PME) method [69]. Following equilibration, each system was
simulated for 50ns, including 2ns equilibration. Trajectories were saved every 0.5ps. The
CHARMM force field [70] was used for protein, water (TIP3P model [71]) and ions.
Inhibitors were treated with the CHARMM general force field (CGenFF) [72]. Poses 4, 5,
and M of DJLDU-3-79, and pose-1 of SSA-426 were simulated using this procedure. The
RMSDs of the protein backbone and the ligand non-hydrogen atoms were calculated

using an RMSD trajectory tool in VMD.
4.2.1.6.  Absolute binding energy calculations
We used the double annihilation approach to compute ABFE. The double annihilation

approach depends on the thermodynamic cycle shown in Figure 4.3, and free energy
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change (AG) was computed using the FEP [73] principle. In the FEP method, AG

between the initial and the final states (0 and 1) is calculated using equation 4.
AG =G, -G, =K, T (exp| (U, ~U,)/K,T ), - Equation 4

AG is the change in Gibbs free energy; Gi and Go are the free energies of initial and final
states 0 and 1, respectively, Kg is the Boltzmann constant; T is the temperature; U; and
Up are the potentials of states 1 and 0, respectively.

In the double annihilation approach, ABFE (AGabs) of a ligand (L) with a protein
(P) is computed as

AG . =AG, —AG, - Equation 5

AG; and AG are the free energy changes involved in annihilating the ligand L from the
solvent and the solvated protein P.

To prevent the ligand from escaping the binding site while calculating AGy,
positional restraints were imposed on the ligand and the bias introduced by the restraints

was estimated using equation 6 [74, 75].

- Equation 6

0

) eff
AGRestramt — —RTIH[ VOZ ]

Vol

AGR®™IM jg the restraint free energy; R is the gas constant; T is the temperature. Vol°™ is
the effective volume, which is the volume accessible by the ligand in the pocket in the
presence of the restraints; Vol is the volume accessible by the ligand at standard
concentration of 1M, which is equal to 1660 A®. Vol°T in turn was calculated using

equation 7.

R /IRT?
e

Vol = - Equation 7
U K [
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K is the force constant, which was used to restrain a ligand in the binding site of a

protein AGRestraint

estimated through equation 6 was added to AGaps calculated through
equation 5 to compensate for the restraints, and the final expression for calculating ABFE

is shown in equation 8.

AG ,,, =AG, —-AG, +AG - Equation 8

Figure 4.3. Double annihilation approach for estimating absolute binding energy.
P, L, and D refer to protein, ligand, and dummy, respectively. AGaps is the
absolute binding energy of the L-P complex. AG; and AG are the free energy
changes of perturbing L to D in the solvent and in the P, respectively. AGo is the
absolute binding energy of the D-P complex, which is equal to zero.

The experimental binding energy (AGexp) was estimated from the experimental inhibition
constant (K;) using equation 9.

AG

Exp

=RTInK, - Equation 9

R is the gas constant; T is the temperature; K; is the inhibition constant.
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4.2.1.6.1. System preparation and simulation details
In the case of hSERT, final structures of the protein-ligand complexes from MD
simulations were used for estimating AG;. For the estimation of AG, ligand
conformation from the MD simulation was placed in the water box and energy minimized
for 50,000 steps prior to decoupling with the solvent. The LeuBAT:Clomipramine
complex for AG; estimation, as well as clomipramine in the water box for AG;
calculation, were prepared following the similar procedure as in the case of hSERT. The
LeuBAT:Clomipramine complex and the clomipramine in the water box were energy
minimized for 50,000 steps prior to decoupling calculations. Free energy calculations
were performed using NAMD. A coupling parameter (A) was introduced, and the
transformation between the initial (0) and final states (1) is a function of A. All
simulations were carried in both forward and backward directions to monitor hysteresis
and to improve the statistical precision. Free energy differences were estimated using the
Bennett acceptance ratio (BAR) method [76]. Bidirectional simulations enhance the
reliability and efficiency of the free energy estimation. The ParseFEP [77] plugin in
VMD was used to analyze the free energy simulations and to compute the binding energy
along with error bars. The error bars represent the statistical error in the binding energy
calculation. Convergence of the binding energies due to the insufficient sampling is a
bigger problem in the FEP method. Therefore, the entire transformation was divided into
several windows, to ensure sufficient overlap between configurational ensembles
representing the reference and target states, and to get reasonable accuracy [78].

Probability density plots generated using the ParseFEP plugin were used to assess the

154



convergence between subsequent windows, and to optimize them to reduce the statistical
as well as systematic errors in the calculation. A soft-core potential [79] was introduced
to handle the end-point catastrophes. Electrostatics were turned off from A=0 to A=0.5
and van der Waals were turned off from A=0 to A=1.0. A 2fs time step was used in all the
calculations. The CHARMM force field for the protein, water (TIP3P model) and ions
[70], and CGenFF [72] parameters for the inhibitors (obtained from the ParamChem
website) were used. No restraints were placed on the ligands in the calculation of AGa.
All simulations were run under NPT ensemble (temperature = 310K and pressure = 1

bar).

LeuBAT:Clomipramine

AG; calculation: In each direction, a 10ns simulation was carried, and the total
transformation was divided into 263 windows. A 0.008ns equilibration and a 0.03ns data
collection were carried in each window.

AGj calculation: A 1.0ns forward and a 1.0ns backward simulation were performed. The
total calculation was split into 150 windows. A force constant of 0.1 kcal/mol.A? was
used to confine clomipramine to the binding site of LeuBAT. In each window, the system

was equilibrated for 0.0022ns and data was collected for 0.0044ns.

hSERT:SSA-426 (Pose-1)

AG; calculation: A 4.5ns simulation in each direction was performed, and we used 150
windows in either direction. In each window, a 0.005ns equilibration followed by a

0.025ns data collection was performed.
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AG calculation: The simulation time and number of windows were similar to the AG»
calculation. The ligand was restricted in the binding site using a force constant of 0.5
kcal/mol.A%. The system was equilibrated for 0.01ns in each window followed by a

0.02ns data collection.

hSERT:DJLDU-3-79 (Poses M and 5)

AG; calculation: A 15.6ns simulation was performed in each direction, and the total
simulation was split into 130 windows in either direction. In each window, the system
was equilibrated for 0.024ns and data was collected for 0.096ns.

AG calculation: In each direction a 4.5ns simulation was performed and 150 windows
were used. The ligand was restricted in the binding site with a force constant of 0.5
kcal/mol.A%. In every window, a 0.01ns equilibration and a 0.02ns data collection was

carried out.

4.3. Results and Discussion
4.3.1. Validation of AADS protocol with LeuT crystal structures
After careful inspection, we selected five high-resolution LeuT crystal structures to test
the AADS method. Details of all the five crystal structures were provided in Table 4.1.
We included all relevant variables into the data set. Since the goal was to test the ability
of AADS in identifying the active site and reproducing the bioactive conformation, we
included two well-established binding sites, S1 and S2, into the dataset. Similar to
hSERT, the S1 pocket of LeuT is located halfway through the protein and harbors

substrate leucine and inhibitors such as tryptophan; the S2 pocket is located 11A above
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the S1 on the extracellular side of the protein and shelters antidepressants such as
imipramine, R-fluoxetine and sertraline. To see the impact of protein conformation in
identifying the binding site, the two identified conformational states, open outside (C,)
and occluded (Occ), were included in the dataset. In C,, the transporter is open toward the
extracellular side, whereas in the case of Occ, the transporter is obscured both from the
extracellular and intracellular side. Since our goal is to see where and how potential
antidepressants bind in hSERT, we included two different classes of antidepressants, such
as TCAs (e.g., Imipramine) and SSRIs (e.g., Sertraline and R-fluoxetine) into the dataset,
along with inhibitor tryptophan and substrate leucine. The AADS performed reasonably
well in identifying the binding pockets and bioactive conformations of ligands in all the

crystal structures.

4.3.1.1. Binding site identification
AADS successfully identified the active sites in all five LeuT structures, although active
site rank varies. In the case of 2Q72, 3GWU, and 3GWYV, the active site rank was one;
whereas it was nine in 2A65 and 3F3A. Interestingly, in all the three crystal structures
(2Q72, 3GWU and 3GWV) ligand binds in the S2 pocket, and was ranked one by AADS
in all three cases. In the case of 2A65 and 3F3A, ligand binds in the S1 pocket, and it was
ranked nine by AADS in both cases. This might be because the S2 pocket is huge
compared to the S1 pocket; moreover, it is located on the extracellular side, making it
readily accessible to the ligands. Whereas the S1 pocket is small compared to the S2 site,
and it is located deep in the protein making it inaccessible to the ligands. Therefore, it is

no surprise to see that irrespective of the conformation of the protein, S2 is the highest
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ranked site in all five of the crystal structures. The total number of pockets identified in
each structure by AADS was shown in Table 4.1. The difference in the total pockets
among five structures was due to the repeated identification of the same pockets in some
structures. The conservation of S1 and S2 pockets in all five of the crystal structures
shows the functional importance of those sites in LeuT. The results demonstrated that
AADS was successful in identifying the active sites irrespective of the conformation of
the protein and location of the binding sites. It is worth mentioning that all the active sites
were within the top 10 sites identified by AADS. Since AADS docks the ligand only in
the top 10 binding sites to identify the bioactive conformation, it is crucial that the active

site is within the top 10 binding sites.

4.3.1.1. Binding site validation

After successful identification of the active sites in LeuT by AADS, we validated the
AADS pockets by comparing them to the pockets in the crystal structures. Of all the
AADS identified binding pockets in LeuT, only two pockets were well established, S1
and S2. These two pockets were found in all five of the crystal structures, thereby
attributing druggability and functional relevance.

The S1 pocket is the harbor for the substrate leucine and the inhibitor tryptophan.
We validated the S1 pocket identified by AADS by comparing it to the S1 pocket of
2A65. 2A65 is a crystal structure of LeuT with substrate leucine bound in the S1 pocket.
LeuT attains occluded conformation by accommodating leucine. In Figure 4.4A, we
superposed cavity-9 identified by AADS onto 2A65 with leucine bound in the S1 pocket.

Cavity-9 of AADS correlates well with the ST pocket of 2A65 (Fig. 4.4). This validates
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the S1 pocket of LeuT identified by AADS. We validated the S2 pocket by comparing it
against the S2 pocket of 2Q72. 2Q72 is a crystal structure of LeuT with the
noncompetitive inhibitor imipramine bound to the S2 pocket. LeuT was stabilized in an
occluded conformation by the imipramine. In Figure 4.4B, we superposed cavity-1 of the
AADS onto 2Q72 with the imipramine bound to the S2 pocket. Cavity-1 of AADS
matches well with the S2 pocket of 2Q72. The correlation between AADS cavities and
crystal pockets demonstrate the ability of AADS to detect the active sites. Further, we

tested the AADS capability to retrieve the bioactive conformation of a ligand.

Figure 4.4. AADS cavity points vs. S1 and S2 sites in the LeuT crystal structures.

A is the S1 site of 2A65 with leucine (colored blue) bound, and B is the S2 site of
2Q72 with imipramine (colored yellow) bound. Cavity points are represented as red
spheres in both A and B. Cavity point nine matches with the S1 site of 2A65 and
cavity point one matches with the S2 site of 2Q72.
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Table 4.1. Validation of AADS protocol on different LeuT crystal structures.

Pdb code Ligand Resolution Conformation Binding Site T.N.P RMSD Pose

site rank rank
2A65 Leucine 1.65 Occ S1 9 30 3.35 8
2Q72 Imipramine 1.70 Occ S2 1 31 2.47 2
3F3A Tryptophan 2.00 Co S1 9 28 2.75 1
3GWU Sertraline 2.14 Occ S2 1 29 3.75 4
3GWV  R-fluoxetine 2.35 Occ S2 1 29 1.93 3

O and C, refer to occluded and outward facing conformations of LeuT; T.N.P refers to total number of pockets identified
by AADS; site rank is the rank of the active site identified by AADS; pose rank is rank of the AADS pose that is closest to
the bioactive conformation of the ligand.

160



4.3.1.2.  Pose validation
Identification of the bioactive conformation of ligands is a crucial aspect in drug
discovery. Knowledge of the bioactive conformation of ligands helps in the rational
design of new drugs. Several efficient docking tools are available to reproduce the
bioactive conformation of ligands, but they lack an efficient scoring function. We tested
the AADS docking and scoring protocol for its robustness and accuracy in reproducing
the bioactive conformation.

We self docked ligands leucine, imipramine, tryptophan, sertraline and R-
fluoxetine in the top 10 binding sites identified by AADS in the respective crystal
structures. The top 10 docking poses of each ligand were analyzed for the closest match
to the bioactive conformation. In all 5 cases, AADS was able to retrieve the bioactive
conformation of the ligands. Except in the case of 2A65, the bioactive conformation was
among the top 5 poses. As shown in Table 4.1, pose ranks were 8, 2, 1, 4 and 3 in 2A65,
2Q72, 3F3A, 3GWU, and 3GWV. From the ranking of poses, it was clear that AADS
performed equally well in retrieving the bioactive conformations in both the S1 and S2
pockets of LeuT, except in the case of 2A65. Although ligand binds in the S1 pocket in
both 2A65 and 3F3A, the difference in pose ranking might be because 2A65 was in
occluded conformation making the pocket more compact and inaccessible unlike 3F3A,
where the protein was in open to out conformation. Still, AADS performed reasonably
well in reproducing the bioactive conformation of the ligand in 2A65. The RMSD

between the closest AADS pose and the pose in the crystal structure was considerably
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low (<3.8A) as shown in Table 4.1. Comparison of the closest AADS poses with the

poses from the crystal structures are shown in Figure 4.5.

Figure 4.5. Closest AADS pose vs. conformation of ligands in LeuT crystal structures.
(A) Leucine (2A65), (B) Imipramine (2Q72), (C) Tryptophan (3F3A), (D) Sertraline
(3GWU), and (E) R-fluoxetine (3GWYV). The crystal poses are depicted as balls and
sticks and the AADS poses are depicted as sticks.
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It is evident from the above results that AADS performed reasonably well in the active
site identification and in retrieving the native conformations of the ligands. AADS
identified the active sites in 2A65, 2Q72, 3F3A, 3GWU, and 3GWYV, and also reproduced
the crystal conformation of the ligands with reasonable accuracy. AADS performed better
in identifying the bioactive conformation of the ligands than identifying the active sites.
Retrieval of the native conformation of the ligands within the top 10 poses was
outstanding. After successful validation of AADS with LeuT crystal structures, we used it

to explore the binding sites of SSA-426 and DJLDU-3-79 in hSERT.

4.3.2. DJLDU-3-79 and SSA-426 binding in hNSERT

4.3.2.1. Application of AADS protocol to hSERT homology model
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Figure 4.6. Chemical structures of DJLDU-3-79 (A) and SSA-426 (B).
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After successful validation of AADS with LeuT, we investigated the binding site and
binding mode of DJLDU-3-79 and SSA-426 in hSERT. AADS identified 34 binding
pockets in hSERT; some of them were repeated twice. The S1 and S2 pockets, similar to
LeuT, were conserved in the hSERT and were among the top 10 binding sites. Next,
inhibitors were docked into the top 10 pockets of hSERT using the AADS docking and
scoring protocol.

The top 10 docking poses of both the inhibitors resulting from AADS were
analyzed. In the case of SSA-426, only two poses (ranked 1 and 3) ended up in the sites
of interest (S1 and S2), and rest of the eight poses were binding elsewhere in the protein.
Poses 1 and 3 were binding between the S2 and S1 pockets in a similar fashion (Fig. 4.7).
These two poses were accommodated between TMs 1, 3, 6, 8 and 10; the indole group
was binding in the S1 pocket, the 2-methyl quinolone group was binding in the S2 pocket
facing the extracellular side of the protein, and the tetrahydropyridine ring was caught
between the S1 and S2 pockets. Both poses were passing through the extracellular
hydrophobic gate formed by residues Tyr-176 and Phe-335. The indole moieties of both
the poses were surrounded by the S1 (Asp-98, Ser-438, Tyr-95, Ile-172, and Ala-173)
and S2 pocket residues (Tyr-175, Tyr-176, Phe-335, Thr-497, and Gly-442). Most
importantly, the indole nitrogen was interacting with Asp-98, which was demonstrated to
be key for the binding of various antidepressants with hSERT [20, 21, 23, 31-33, 36]. The
tetrahydropyridine ring was caught between the extracellular gate (formed by Arg-104
and Glu-493) and the extracellular hydrophobic gate (formed by Tyr-176 and Phe-335),
and also surrounded by Gly-100, Leu-99, Phe-335, and Tyr-175. Whereas the 2,3-

dioxypropyl 2-methyl quinolone was packed with residues Arg-104, Glu-493, Trp-103,
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Ile-179, Val-489, Lys-490, Tyr-107, Trp-182, Gly-402, Ala-401, Pro-403, Tyr-232, Tyr-
487, and GIn-238 of the S2 site. It is worth mentioning here that the S1 pocket residues
Tyr-95, Asp 98, Ile-172, Asn-177, Phe-341, and Ser-438 [23], and the S2 pocket residues
Val-489, Lys-490, Glu-493, Ala-401, Ile-179, Tyr-175, and Gly-100 [39] were
established as important for the affinity of various antidepressants with hSERT through
several studies. Orientation of poses 1 and 3 was similar to what was proposed earlier by
Nolan et al.; however, the AADS poses are binding between the S1 and S2 sites, whereas

Nolan et al. proposed that they bind completely in the S2 site [48].

’ ,

"

Figure 4.7. Poses 1 and 3 of SSA-426 binding between the S1 and S2 sites of hNSERT.
Poses 1 and 3 (depicted as balls and sticks in yellow and cyan) bind in a similar
fashion between the S1 and S2 sites. The two extracellular gated residues are depicted
as sticks (green) and rest of the residues around the ligand are represented as lines
(grey). The sodium and chloride ions are represented as orange and green spheres,
respectively. TM helices 1, 3, 6, 8, and 10 are colored orange, green, red, blue and
cyan, respectively.
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With regards to DJLDU-3-79, only two poses (4 and 5) ended up in the
functionally relevant regions (i.e., the S1 and S2 sites). Pose-4 was completely binding in
the S1 site of hSERT (Fig. 4.8A). The indole group was surrounded by S1 pocket
residues Glu-493, Arg-104, 1Ile-179, Trp-103, Tyr-175, and Leu-99; the
tetrahydropyridine ring was packed with Tyr-176, Phe-335, Thr-497, Asp-98, and Ile-
172; the 2-hydroxypropyl 2-chlorobenzyl ether moiety was accommodated by residues
Gly-442, Tyr-95, Ala-96, Leu-337, Asn-368, Ser-336, Asn-101, and Ser-438. The indole
nitrogen was interacting with the gated residue Glu-493 through a hydrogen bond, and
benzene was interacting with Tyr-175 through hydrogen-pi interactions. Pose-5 was
binding between the S2 and S1 sites similar to poses 1 and 3 of SSA-426, but in a reverse
orientation (Fig. 4.8B).

The indole moiety and the tetrahydropyridine ring were binding in the S2 site,
whereas the 2-hydroxypropyl-2-chlorobenzyl ether was binding in the S1 site. The indole
group was packed with residues Tyr-487, Tyr-232, Lys-490, Trp-182, Phe-407, Pro-403,
Gly-402, and Leu-406, and the tetrahydropyridine ring was surrounded by Ile-179, Trp-
103, Glu-493, Trp-182, Phe-407, and Arg-104. The 2-hydroxypropyl-2-chlorobenzyl
ether moiety was accommodated by residues Arg-104, Glu-493, Tyr-175, Tyr-176, Gly-
100, Leu-99, Phe-335, Asp-98, Ala-173, Ile-172, Ser-336, and Ser-438. These results
were not in agreement with the earlier predictions (1) that the inhibitor binds completely
in the S2 site and (2) that it was oriented with the indole group bound deep into the S1
site while the chlorobenzene group was oriented towards the extracellular side [48]. None
of these poses were binding completely in the S2 site and their orientation was not similar

to the earlier prediction. For further studies, we generated a pose of DJLDU-3-79 similar
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to poses 1 and 3 of SSA-426 using MOE induced fit docking protocol ( since AADS

failed to predict this orientation).

Figure 4.8. Docking poses of DJLDU-3-76 considered for this study.
A, B, and C are poses 4, 5, and M of DJLDU-3-76, respectively. All
the poses are highlighted as yellow balls and sticks. The extracellular
gate (represented as green sticks) acts as a barrier between the S1 and
S2 sites.
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4.3.2.2. Molecular dynamics simulations of poses of DJLDU-3-79 and
SSA-426
We performed MD simulations of pose-1 of SSA-426, poses 4, 5 and M of DJLDU-3-79
with hSERT to test their stability in the binding pocket and to investigate the residues
playing a key role in the inhibitor binding in hSERT. We simulated each complex for
50ns and collected data for analysis. During the course of MD simulation, pose-1 of SSA-
426, which was binding between the S1 and S2 sites, drifted after the first few ns into the
S1 site for the most part. The ligand RMSD stabilized after 3ns and remained in the same
conformation for another 24ns. After 27ns, RMSD of the ligand significantly changed
(from 3 to 4.5A) and remained stable for the remaining part of the simulation (Fig. 4.9A).
The average structure of SSA-426 from the MD simulation was shown in Figure 4.10.
The protein backbone RMSD fluctuated significantly for the first 25ns and stabilized
around 6A for the rest of the simulation (Fig. 4.9B). Pose-1 was passing through
hydrophobic gate (Tyr-176 and Phe-335) into the S1 site. The 2-methyl quinolone was
partially binding in the S2 site, while the rest of the molecule was binding in the S1 site.
It was binding between the TM helices 1, 3, 6, 8, and 10 in the S1 site. The
tetrahydropyridine was stuck between Tyr-176 and Phe-335, and its protonated nitrogen
was interacting with the gated residues Glu-493 and Tyr-175 through a water molecule.
There were studies indicating that Ser-438 plays a key role in the binding of
antidepressants S-citalopram and TCAs [20]. Asp-98, although binding close to the

protonated nitrogen, did not interact directly. The tetrahydropyridine was also interacting
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with Tyr-176 through a hydrogen-pi interaction. The indole moiety was stacked between

Ser-438 and Phe-341, and interacted with them through a hydrogen-pi interaction.
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Figure 4.9. Ligand and protein RMSD changes vs. time in MD simulations.

The left and right columns represent the ligand and protein RMSD changes,
respectively. The first row (A and B) is pose-1 of SSA-426, the second row (C and D)
is pose-M of DJLDU-3-79, the third row (E and F) is pose-5 of DJLDU-3-79, and the
fourth row (G and H) is pose-4 of DJLDU-3-79. All non-hydrogen atoms of the
ligand, and backbone atoms of the protein, were considered for RMSD calculation.
The docking pose was used as a reference for calculating the protein and ligand
RMSDs.
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Figure 4.10. Snapshot of pose-1 of SSA-426 from MD simulations.
The ligand is depicted as ball and stick (yellow) and the pocket
residues are represented as lines (orange). Oxygens of the water
molecules are displayed as spheres (cyan). Blue and green dotted
lines represent hydrogen bonds and hydrogen-pi interactions,
respectively.

The pyrrole ring of the indole was also interacting with Phe-335 through a hydrogen
bond. In another study, Tyr-95 and lle-175 were proved to be critical for the binding of
antidepressants [22]. MD simulation results strongly support S1 as the most probable
binding site of SSA-426 in hSERT, and not S2. Similar to pose-1 of SSA-426, pose-M of
DJLDU-3-79 also migrated into the S1 site after the first few ns of the simulation. The
ligand was stabilized at an RMSD of 4.5A between 5-20ns. Around 20ns, the RMSD of
the ligand jumped to 5.5A and remained stable from 22-50ns (Fig. 4.9C). The protein
backbone RMSD increased until 30ns and stabilized at 4.8A for the rest of the simulation

(Fig. 4.9D).
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The representative snapshot of the ligand from the MD simulations was shown in
Figure 4.11. The salt bridge (Glu-493 and Arg-104) separating the S1 and S2 sites was
moved apart and was not interacting directly, but rather through a water molecule. This
was in contrast to SSA-426 pose-1, where the salt bridge was still intact and did not fall
apart during the course of the simulation. The chlorobenzene moiety slightly protruded
into the S2 site and bound in the vicinity of the halogen-binding region, which was
comprised of residues Leu-99, Gly-100, Trp-103, Arg-104, Tyr-176, Ile-179 and Phe-
335. The halogen-binding region was identified as key for the binding and the selectivity
of SSRIs in hSERT [39]. The hydroxyl group of pose-M was interacting with the gated
charged residue Glu-493 through a hydrogen bond. The indole group on both sides was
interacting with the Ser-438 and Ile-172 through a hydrogen-pi interaction. Although
Phe-341 was in the vicinity, unlike in the case of SSA-426, indole was interacting
directly with Ile-172 rather than Phe-341. Similar to pose-1 of SSA-426, the protonated
nitrogen of tetrahydropyridine was binding near the Asp-98, but not interacting with it
directly. The conformations of pose-1 of SSA-426 and pose-M of DJLDU-3-79 that
resulted from MD simulations were compared in Figure 4.12. They oriented similarly in
the S1 pocket and also overlapped to the maximum extent. In particular, the orientation of
indole groups of both the inhibitors in the pocket was exact. Also, similar residues of the
TM helices 1, 3, 6, 8 and 10 were interacting with both the poses.

Pose-5 of DJLDU-3-79, which was binding in the opposite orientation of pose-M
and binding between the S2 and S1 sites, moved completely into the S2 site during the
first 10ns of the simulation. This was in contrast to pose-M of DJLDU-3-79 and pose-1 of

SSA-426, where they migrated to the S1 site. The ligand RMSD attained a maximum of
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5.9A at 10ns, fluctuated between 4 and 5.9A for the next 30ns, and stabilized at 4.3A in
the last 10ns simulation (Fig. 4.9E). The protein backbone stabilized at an RMSD of 4.5A
between 7-22ns, increased from 22-37ns, and stabilized at 6A for the rest of the 13ns

simulation.
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Figure 4.11. Average structure of pose-M of DJLDU-3-79 from MD simulations.
The ligand is colored yellow and depicted as ball and stick, and the pocket
residues are depicted as pink colored lines.

The ligand snapshot from the last 10ns of the simulation was shown in Figure
4.13. During the entire simulation, the protonated nitrogen of the tetrahydropyridine was
interacting with the gated residue Glu-493 through a salt bridge (Fig. 4.14). Also, the
chlorobenzene moiety that was binding earlier in the S1 site moved completely into the

S2 site and accommodated in the halogen-binding site (Fig. 4.14). Earlier it was proved
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with X-ray crystallographic studies that the SSRIs R-fluoxetine, S-fluoxetine and
sertraline bind in the S2 site of LeuT and their halogens bind in the halogen-binding site.
Along the same lines, it was also speculated through comparative modeling and
mutagenesis experiments that halogens of SSRIs bind in the halogen-binding site, which
was key for their affinity and selectivity for hRSERT [39]. The indole group was pointing

towards the extracellular side and exposed to the solvent.

Figure 4.12. MD snapshots of pose-M of DJLDU-3-79 and pose-1of SSA-426.
Pose-M (yellow) and pose-1 (blue) are depicted as balls and sticks and their
corresponding protein TM helices are represented as white and peach colored
ribbons, respectively.

Now we were left with two poses of DJLDU-3-79 (poses 5 and M) that are stable
in the MD simulations. These two poses are binding in two different sites (pose-M in the
S1 site and pose-5 in the S2 site) in opposite orientations. Since our ultimate goal was to
identify the binding site and binding mode of these inhibitors in hSERT, we resolved the

ambiguity between these two poses (M and 5) through ABFE calculations.
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Figure 4.13. Snapshot of pose-5 of DJLDU-3-79 from MD simulations.
The ligand is depicted as ball and stick (yellow), and pocket residues
are depicted as pink lines.

Figure 4.14. Docking vs. MD snapshot of pose-5 of DJLDU-3-79.
The residues of halogen-binding site are depicted as sticks (yellow).
The docking (red) and MD snapshots (cyan) of the ligand are
depicted as balls and sticks.
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Figure 4.15. Docking pose and MD snapshot of pose-4 of DJLDU-3-79.
The TM helices 1, 3, 6, 8, 9, 10, and 12 are colored orange, green, red,
blue, pink, cyan, and yellow, respectively. Ligands colored yellow and
pink represent dynamics and docking poses, respectively.

Pose-4 of DJLDU-3-79 binding originally in the S1 site was not stable (Fig. 4.9G)
in the entire 50ns simulation. It tried to escape from the pocket through the TMs 3, 9, and
12 (Fig. 4.15), and in that process it tried to destabilize the protein as well. Although the
ligand RMSD was stabilized at 3.5A between 3-20ns, it drastically increased to 7.5A
between 20-35ns. For a brief period (35-42ns) it was stable at 7.5A and dropped to 5.5A
in the last 8ns simulation. In Figure 4.15, we compared the initial and the final snapshots
of the ligand from the MD simulation. The protein backbone RMSD did not reach a
plateau in the entire 50ns simulation. The protein and ligand RMSDs indicate that pose-4
was not the right conformation of DJLDU-3-79 in the S1 site of hSERT. Through MD
simulations, we ruled out pose-4 as the bioactive conformation of DJLDU-3-79 in

hSERT.
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4.3.2.3. Role of electrostatics in drifting of ligands in MD simulations

Electrostatics played a major role in the migration of ligands either completely into the
S1 or S2 sites in MD simulations. Pose-5 of DJLDU-3-79, initially binding between the
S1 and S2 sites, shifted into the S2 site in MD simulations. The pocket environment was
electrostatically unfavorable for the docking pose. As shown in Figure 4.16C, the
chlorine atom was binding in the strong electronegative region. This repulsion might be a
major reason for the ligand moving completely into the S2 site. Also, the protonated
nitrogen of tetrahydropyridine was binding in the partially electropositive/electronegative
region of the protein, and the region around the indole ring was not totally favorable
either. In the MD snapshot (Fig. 4.16B) the chlorine atom was binding in the halogen-
binding site that was partially electropositive and the protonated nitrogen of
tetrahydropyridine was binding in the strong electronegative region of the protein. The
indole nitrogen was exposed to the electronegative region and the hydroxyl oxygen was
exposed to the strong electropositive region of the pocket. These observations indicate
that the S2 site was electrostatically more favorable for pose-5 of DJILDU-3-79. The other
possible reason for shifting might be the interaction of indole nitrogen with water on the
extracellular side.

Pose-M of DJLDU-3-79 binding initially between the S1 and S2 sites migrated
into the S1 site in the MD simulation. In the docking pose (Fig. 4.16E), the protonated
nitrogen of tetrahydropyridine was binding in the partially electronegative/positive
region. Although the indole nitrogen was near the strong electronegative region, it was

not perfectly accommodated. Similarly, the hydroxyl and ester oxygens were also not
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favorably accommodated. In the dynamics snapshot (Fig. 4.16F), both the nitrogens of
indole and tetrahydropyridine groups, and the oxygens of hydroxyl and ester groups were
binding in the strong electronegative and electropositive regions of the protein. The
chlorine atom was binding close to the halogen-binding region. These factors
demonstrate that S1 site is the right place for the inhibitor to bind in hSERT (Fig. 4.16F).
Similar to pose-M of DJLDU-3-79, pose-1 of SSA-426, which was initially
binding between the S1 and S2 sites, migrated into the S1 site. The nitrogen atoms were
binding in the electronegative regions in the docking pose (Fig. 4.16A). However, the
indole nitrogen was not adequately accommodated near the electronegative region, and
the protonated nitrogen of tetrahydropyridine was binding in the partially electronegative
region. The rest of the ligand was binding in the S2 site, and this region was more
electropositive. In the dynamics snapshot, both the nitrogens were binding in the strong
electronegative region of the S1 site, and the other part of the ligand was binding in the
partial electronegative/positive region of the S1 site (Fig. 4.16B). Also, the aromatic
quinolone might not prefer to stay in the S2 site because of the repulsion for water.
Therefore, it 1s the electrostatics and repulsion of the aromatic region of the ligand for

water that guided the drifting of the ligand into the S1 site in the MD simulations.
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Figure 4.16. Electrostatic potential surfaces of binding sites of docking poses (left
column) and MD (right column) snapshots of SSA-426 and DJLDU-3-79 in hSERT.
A, C, and E are the electrostatic potential surfaces of docking structures of pose-1 of
SSA-426, poses 5 and M of DJLDU-3-79; B, D, and F are the electrostatic potential
surfaces of their respective structures resulting from the MD simulations. The red and
blue surfaces represent the electronegative and electropositive regions of the protein,
respectively. Ligands are depicted in a ball and stick model. The electrostatic potential
surfaces were generated using MOE.
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4.3.2.4. Estimation of absolute binding energies through FEP method

We calculated the ABEs of poses M and 5 of DJLDU-3-79 and pose-1 of SSA-
426 in hSERT using the FEP method. We did not consider pose-4 of DJLDU-3-79 for
FEP calculations since it was not stable in the MD simulations. Before applying to
hSERT, we validated the FEP method on LeuBAT:Clomipramine crystal complex
(PDBID: 4MMA). Annihilation of the ligand in the solvent and in the protein was carried
bidirectionally to monitor hysteresis in the free energy estimation. Data from the forward
and backward simulations were combined to estimate the free energy change using the
BAR method. In estimating AGy, restraints were imposed on the ligand in the pocket to
prevent it from wandering while turning off the non-bonded interactions. The restraints
were also used to speed up the convergence of the free energy calculation. As shown in
Table 4.2, the calculated binding energy of clomipramine with LeuBAT (-7.69 £+ 0.34
kcal/mol) was within 1 kcal/mol of the experimental value (-8.25 + 0.05 kcal/mol), and
this validates the FEP method. However, there was a huge hysteresis between the forward
and backward simulations in estimating AG (Table 4.2 and Fig. 4.17B), which might be
due to inadequate sampling of the configurational space. However, the forward and
backward simulations in estimating AG> were perfectly overlapped and the hysteresis was
minimal (Table 4.2 and Fig. 4.17A), which indicates adequate sampling.

Further, we calculated the ABEs of poses M and 5 of DJLDU-3-79 and pose-1 of
SSA-426 at hSERT. For this purpose, final snapshots of the protein-ligand complexes
from the MD simulations (Fig. 4.12, 4.13 and 4.15) were considered. The computed

binding energy of pose-1 of SSA-426 in the S1 site (-12.4 + 0.47 kcal/mol) was within
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the error margin of the experimental binding energy (-12.39 = 0.17 kcal/mol) (Table 4.3).
Surprisingly, the hysteresis between the forward and backward simulations was minimal
both in the solvent (Fig. 4.18A) and in the protein (Fig. 4.18B). FEP results support the
MD simulation data and confirm (1) S1 as the site of SSA-426 and (2) pose-1 as the right
orientation of SSA-426 in hSERT.

The calculated binding energies of poses M and 5 of DJLDU-3-79 were -9.93 +
0.39 kcal/mol and -4.9 + 0.4 kcal/mol, respectively (Table 4.4). The experimental binding
energy of DJLDU-3-79 with hSERT was -10.70 + 0.07 kcal/mol. Since the calculated
binding energy of pose-M correlates well with the experimental value, we conclude pose-
M as the probable bioactive conformation of DJLDU-3-79 in hSERT, rather than pose-5.
Binding energy calculations clear the ambiguity in MD simulation data. Rather
interestingly, the hysteresis was huge between the forward and backward simulations in
the bulk solvent (Fig. 19A) unlike in the protein (Fig. 19B,C) even after 15.6ns
simulation, indicating inadequate sampling. ABFE calculations clearly indicate that SSA-
426 and DJLDU-3-79 bind in the S1 site of hSERT in a similar orientation.

These results demonstrate the usefulness of explicit binding free energy

calculations in identifying a near-native conformation of a ligand in a protein.
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Table 4.2. Validation of absolute FEP method with the LeuBAT:Clomipramine crystal complex.

AG2 AG1 AGReSt AGaAbs AGExpt

For Back BAR For Back BAR

33.41 -33.46 32.97+0.11 414 -446 41.85+0.23 1.19 -7.69+0.34 -8.25+0.05*

All energies are in kcal/mol. AGR®, AGaps and AGexp are the restraint free energy, the calculated ABFE, and the experimental
binding energy, respectively. *The experimental binding affinity of clomipramine with LeuBAT [80]. The error bars associated
with the calculated binding energies represent the statistical error, which was estimated through the BAR estimator.
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Table 4.3. Calculated binding affinity of pose-1 of SSA-426 with hSERT.

AG2 AG1 AGRest AGAbs AGExpt
For Back BAR For Back BAR
42.05 -41.72 40.12+0.28 5542 -56.83 55.19+0.19 267 -124+047 -1239+0.172

All energies are in kcal/mol. *The experimental binding affinity of SSA-426 [65].
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Figure 4.17. Validation of free energy perturbation method with the LeuBAT:Clomipramine complex.
Free energy changes as a function of A for perturbing clomipramine to dummy in the solvent (AGz) and
in the protein (AG1) are shown in A and B, respectively. Forward, backward, and BAR estimations are
shown in black, red, and blue, respectively.

183



@
o B
la] o |
L
‘T’_“ qcr ] L o
© T 2
£ 5 £
w ™ T8
Q g "
s 87 5 &
=] o —— Forward =] o — Forward
— —— Backward — ] —— Backward
— BAR — BAR
o — S
| T | | | T I I | | | |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
7 2

Figure 4.18. Estimation of absolute binding energy of pose-1 of SSA-426 with hSERT using FEP method.

Free energy change versus A for annihilation of SSA-426 in (A) water (AG») and in (B) hSERT (AGy).
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Figure 4.19. Calculating absolute binding energies of poses M and 5 of DJLDU-3-79 with hSERT.
A is free energy change vs. A in perturbing DJLDU-3-79 in water (AGz); B and C are changes in
free energies vs. A for perturbing poses M and 5 of DJLDU-3-79 in hSERT (AG).
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Table 4.4. Absolute binding energies of poses 5 and M of DJLDU-3-79 with hSERT.

AGa2 AG1 AGRest AGabs AGExpt
For Back BAR For Back BAR
Pose-5 35.12  36.68 35.24+0.1 2.67 -49+04
29.8 -27.3 27.67+03 -10.70 £0.07°
-9.93 +0.39

Pose-M 40.36 -41.65 40.27+0.09 2.67

Pose-M was generated using MOE. Pose-5 was from the AADS webserver. All energies are in kcal/mol. *The experimental binding

affinity of DJLDU-3-79 with hSERT[48].
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4.4. Discussion and Conclusions
The present study was aimed at determining the binding modes and the binding sites of a
dual SERT/5SHT-1A antagonist SSA-426 and a selective hSERT blocker DJLDU-3-79 in
hSERT. For this purpose, we adopted a computational protocol that incorporates active
site detection, docking, scoring, MD simulations, and ABFE calculations. For binding
site identification, docking and scoring purposes, we used an automated web server called
AADS. For computing ABEs, we used FEP method. To our knowledge, these are the first
explicit free energy calculations ever carried on hSERT. Before applying to hSERT, we
tested AADS on five different LeuT crystal structures for its active site identification and
ligand’s near-native conformation retrieval capabilities. AADS performed extremely well
in identifying the active sites; in all five cases active site was among the top ten cavities
identified, irrespective of the conformation of the protein and location of the binding site.
However, AADS performed better in identifying the S2 site rather than S1 because the S1
site is located deep in the protein and occluded conformation of the protein makes AADS
difficult to access from both the ends. In contrast, S2 site is located on the extracellular
side, and because of its size it is readily accessible to the ligands, making it the highest
ranked site in all the crystal structures. With regards to the retrieval of the bioactive
conformation of the ligand, AADS performed reasonably well. At least one among the
top ten AADS poses was close to the bioactive conformation of the ligand in all five
cases. The RMSD of the closest AADS pose to the bioactive conformation was less than
3.75A in all 5 cases. As in the case of active site detection, AADS was more accurate in

identifying the bioactive conformation in the S2 pocket than in the S1 pocket for similar
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reasons as mentioned before. Overall, the docking and scoring protocol in AADS
performed better than the active site finder. We also validated the FEP method on
LeuBAT:Clomipramine crystal complex. The calculated binding affinity (-7.69 + 0.34
kcal/mol) was in reasonable agreement with the experimental value (-8.25 + 0.05
kcal/mol).

Finally, we explored the binding sites and binding modes of SSA-426 and
DJLDU-3-79 in hSERT. The hSERT homology model developed using the crystal
structure of LeuT was used for this purpose. Nolan et al. proposed that both these
inhibitors would (1) bind in the S2 site and (2) orient similarly in the binding site.
According to Nolan et al. the indole groups of both the ligands bind deep into the S2 site
and remaining parts of the ligands face the extracellular side in a similar fashion. Initially
we used AADS to generate the poses of DJLDU-3-79 and SSA-426 in hSERT. Either in
the case of SSA-426 or DJLDU-3-79, none of the AADS poses bound exclusively in the
S2 site with similar orientation as proposed by Nolan et al. In the case of SSA-426,
orientation of poses 1 and 3 was similar to what was proposed by Nolan et al.; however,
they were binding between the S1 and S2 sites. In the case of DJLDU, pose-5 was
binding between the S1 and S2 sites similar to poses 1 and 3 of SSA-426, but in reverse
orientation. Pose-4 was binding completely in the S1 site. We generated a pose of
DJLDU-3-79 (Pose-M) with a similar orientation as poses 1 and 3 of SSA-426 using
MOE for further studies; its orientation was exactly opposite of pose-5 of DJLDU-3-79.

We performed MD simulations to test the stability of the poses in the protein and
to understand the factors impacting the binding of these ligands. Pose-1 of SSA-426

drifted into the S1 site for the most part, and this partially ruled out the possibility of S2
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being the binding site of SSA-426. Pose-M of DJLDU-3-79 migrated into the S1 site
similar to pose-1 of SSA-426. Also, they oriented similarly with indole bound deep in the
S1 site and remaining parts of the ligands extended towards the extracellular gate
separating the S1 and S2 sites. This is in agreement with the earlier hypothesis by Nolan
et al. with regards to the orientation, but not with the binding site. Pose-5 of DJLDU-3-79
moved completely into the S2 site. The halogen atom was accommodated in the halogen-
binding site and the protonated nitrogen of tetrahydropyridine was interacting with Glu-
493. It is worth mentioning here that these two features are characteristic of SSRIs
binding in LeuT. However, TM helices on the extracellular side have to come closer to
accommodate the ligand in the S2 site. Pose-4 was not stable in the entire 50ns
simulation. Therefore, it might not be the bioactive conformation of the ligand in hSERT.
So, we were left with two different poses of DJLDU-3-79 binding in two different
pockets (Pose-M in the S1 site and Pose-5 in the S2 site) in two different orientations.

To clear this ambiguity, we performed FEP calculations to compute the ABFE
and compared against the experimental binding affinity. Free energy simulations favor
the S1 site rather than S2. Pose-M of DJDLU-3-79 in the S1 site binds stronger (-9.93 +
0.39 kcal/mol) and correlates well with the experimental binding affinity (-10.70 £ 0.07
kcal/mol) than pose-5 (-4.9 + 0.4 kcal/mol) in the S2 site. We believe that pose-5 might
be a less energetically favorable metastable state for DJLDU-3-79 in the S2 site. We also
calculated the binding affinity of pose-1 of SSA-426 in the SI site, which was in
excellent agreement with the experimental value (-12.4 + 0.47 VS -12.39 & 0.17 kcal/mol).
MD simulations and ABFE calculations clearly favor the S1 site in the case of SSA-426.

Our results demonstrate that we need a full computational protocol (site finder,

190



docking, MD simulations and free energy calculations) to clearly elucidate the binding
site and orientation of ligands in the protein. Although AADS placed the poses between
the S1 and S2 sites, MD simulations pushed them either into the S1 or S2 sites
completely. We think this was partially because AADS used a rigid docking protocol,
and one needs multiple protein conformations (especially with the homology models) to
accurately predict the binding site and orientation of the ligand. For example, in the case
of LeuT, AADS was highly successful either in the binding site or pose prediction. This
was because we used the right conformations of the protein, i.e., conformations of the
protein that were determined in the presence of the same ligands that were docked in the
protein (self-docking). This was not surprising and most docking programs performed
reasonably well in self-docking, but they failed miserably when they were cross-docked
into alternate conformations of the proteins [81, 82]. Also, AADS does not handle ions.
However, several studies established the importance of ions (sodium and chlorine) in the
binding of inhibitors/antidepressants in hSERT. In the MD simulations, we incorporated
flexibility to the protein and also added sodium and chloride ions at appropriate places in
the protein; these factors might contribute to the drifting of ligands into S1 or S2 sites
completely during MD simulations. Already we have established the role of electrostatics
in ligand migration in MD simulations. Another important factor was water; multiple
studies suggested the role of water in the binding of ligands to protein pockets, and we
incorporated water explicitly both in the MD simulations and the ABFE calculations. Our
results show that one cannot completely depend on docking and scoring algorithms in
identifying a native pose of ligands in proteins. Even though computationally expensive,

MD simulations and ABFE calculations are more reliable in discriminating binders from
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non-binders.

In summary, we have proposed that S1 is the binding site for SSA-426 and
DJLDU-3-79, and not S2 as predicted earlier by Nolan et al. With regards to the
orientation, both the inhibitors overlap and share a similar orientation, and this is in
agreement with the Nolan et al. hypothesis. Our calculated free energy results are within

0.8kcal/mol of the experimental values.
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5. CHAPTER 5

BINDING OF R-FLUOXETINE IN hSERT

5.1. Introduction

Fluoxetine, popularly known as Prozac, is a widely used drug to treat depression. It was
first developed by Eli Lilly and approved by the FDA in 1987 to treat major depression
[1]. Even today, it ranks third among the antidepressant sales in the United States. Also, it
was the first selective serotonin reuptake inhibitor (SSRI) discovered [1]. Fluoxetine is a
racemic mixture of R- and S- enantiomers, and both are equally active pharmacologically
[2]. They are known to exert their function by blocking the hSERT. Several aspects of
fluoxetine were well established through various studies; however, its mechanism of
action, binding region, and binding mode in hSERT are still debated [3].

hSERT is a membrane protein that controls the levels of serotonin in the synaptic
cleft, thereby maintaining homeostasis in the body. hSERT is the primary target for
several antidepressants [4]. SSRIs are the most effective and highly prescribed
antidepressants to date and act by selectively inhibiting hSERT [5]. However, the
molecular basis for their selectivity, efficacy, location and structure of the binding
regions is unknown and highly debated [3]. For example, it was proposed based on
several studies that antidepressants bind in the S1 site of hSERT [6-10] and inhibit the
protein in a competitive manner [11-15]. There were studies supporting a second
hypothesis that antidepressants bind in the S2 site of hSERT and inhibit the protein in a

noncompetitive manner [16, 17]. According to the third hypothesis, drugs bind in both
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the sites and inhibit the protein through allosterism [18-21].

In this study, we explored the binding pocket and the binding mode of R-
fluoxetine (Fig. 5.1) in hSERT using a novel computational protocol described in chapter
four. Binding pockets are key for the rational design of novel therapeutics in structure-
based drug design. Through this protocol, we demonstrated that R-fluoxetine binds in the

S2 site of hSERT with a pose similar to that of R-fluoxetine in LeuT.

HoN

O||||I|-

Figure 5.1. Chemical structure of R-fluoxetine.

5.2. Materials and Methods
5.2.1. Computational protocol
The computational protocol employed in chapter four was adopted for this study as well.

Please refer to chapter four for complete details.
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5.2.1.1.  System preparation and MD simulation details
A strategy similar to what was described in chapter four was followed. Each pose was
simulated at least for 50ns in periodic boundary conditions prior to ABFE calculations.
The CHARMM force field for protein, water, and ions [22, 23], and the CGenFF [24]

parameters for R-fluoxetine were used.

5.2.1.2.  Absolute binding energy calculations
A method similar to what was described in chapter four was used. Please see chapter four
for details. F[J[] calculating A1+, a 10ns simulation in each direction was performed,
and the entire simulation was divided into 150 windows. A 1fs time step was employed.
In the case of A0 calculation, a Ins simulation in each direction was carried, and the
entire simulation was split into 146 windows. A 1fs time step was utilized. While
calculating A[J1, positional restraints (force constant = 0.5 kcal/mol.A?) were imposed on
the ligand to prevent it from escaping from the pocket. The positional restraints were
described in detail in chapter 4. The protocol was identical for all four poses of R-

fluoxetine.

5.2.1.3.  Relative binding energy calculations
The RBFE change (AAG) in mutating the protein was calculated based on the
thermodynamic cycle shown in Figure 5.2 and uses equation 1.
AAG =AG, - AG, =AG, -AG, - Equation 1

All the terms in equation 1 were explained in Figure 5.2.
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AG
P + L —» /P L
AG; AGy

1 AG,
P + L —>» P! L

Figure 5.2. Thermodynamic cycle for estimating the impact of mutation in a protein.
P and P! are the wild type and mutated proteins, and L is a ligand. AG and AG; are

the ABEs of L-P and L-P' complexes. AG3 and AGs are the free energy changes of
mutating P to P! in the water box and in the presence of L.

FO [ AGg calculation, in each direction a 20ns simulation was performed, and the entire
simulation was split into 146 windows. For calculating AG3, a 23ns simulation in either
direction was performed, and 166 windows were used. A 1fs time step was used.

O00000000imental RBFE (AAGEexp) was estimated using equation 2.

wild
AAG,, =RT ln( ICy ] - Equation 2

mutated
1CS,

ICY" and ICZ)"*" are the half maximal inhibitory concentrations of ligand L with the

wild type and mutated proteins.
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5.3. Results and Discussion
5.3.1. AADS results
After exploring the binding pockets of hSERT through AADS [25], we docked R-
fluoxetine in the top 10 pockets of hSERT using AADS docking and scoring protocol.
We analyzed the top 10 AADS poses of R-fluoxetine, and eight poses were binding in the
regions of interest. Seven of the eight poses were binding in the S2 pocket of hSERT
(Fig. 5.3), and one pose ended in the S1 site. Of the seven poses binding in the S2 site,
four poses were binding deep in the S2 site and the other three poses were binding
towards the extracellular side. The four poses (ranked 3, 4, 5, and 6) binding deep in the
S2 pocket were binding closer to the extracellular hydrophobic gate. This is similar to R-
fluoxetine binding in the LeuT crystal structure, where the drug binds deep in the S2
pocket of LeuT [16]. The trifluoromethyl groups of the four deep binding poses were
binding in the HBP (circled in red in Fig. 5.3), although the orientation of the other two
moieties in the poses varies. The trifluoromethyl moiety was identified as key for the
specificity of R-fluoxetine at hNSERT by Zhou et al. [16] The HBP is formed by residues
Leu-99, Gly-100, Trp-103, Arg-104, Tyr-176, lle-179, and Phe-335. Pose-4 was
strikingly similar to R-fluoxetine orientation in LeuT (Fig. 5.4); the amine group was
pointed towards the extracellular gated residues Arg-104 and Glu-493, the phenyl moiety
was oriented towards the extracellular side, and the trifluoromethyl group was pointed
into the HBP (Fig. 5.4). This observation was interesting, particularly when the residues
in the HBP are highly conserved between LeuT and hSERT. Only one residue differs
between hSERT and LeuT in the HBP; position-29 was occupied by leucine in LeuT, and

the corresponding position was occupied by tryptophan (Trp-103) in hSERT. The amine
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nitrogen was interacting with E493, which is important for the higher affinity of R-

fluoxetine with hSERT [16].

Figure 5.3. Seven AADS poses of R-fluoxetine in the S2 pocket.
The trifluoromethyl moieties of four poses binding deep into the
pocket are circled in red. The gated residues are represented as
red balls and sticks.

! B\l wa P
SN QN 1

STANTS
(/’Q

Figure 5.4. Pose-4 (A) of R-fluoxetine in hSERT vs. R-fluoxetine in LeuT (B).

The R-fluoxetine is represented as a yellow ball and stick and the gated residue
E493 is represented as a red stick. The HBP is represented as a multicolored surface
in both hSERT and LeuT, with green and pink colors representing the hydrophobic
and hydrophilic areas of the pocket, respectively. The trifluoromethyl group of R-
fluoxetine is pointed into the HBP in both LeuT (B) and hSERT (A), whereas the
amine nitrogen of pose-4 is interacting directly with E493 of hSERT (A).
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It is worth mentioning that residues Glu-493 and Ile-179 in the S2 pocket were identified
as key for the binding of R-fluoxetine in hSERT through site-directed mutagenesis and
pharmacological binding assays [16]. The pose that binds closer to the S1 pocket did not
interact with any residues.

To further test the validity of these results, we calculated ABEs using the FEP
approach. We chose four different poses from the S2 site (poses 1, 2, 4, and 10 (Fig. 5.6))
for ABFE calculations. Prior to ABFE calculations, we performed MD simulations to test
the stability of poses 1, 2, 4, and 10 in the pocket. Pose-4 in the MD simulations moved
up and slightly reoriented in the S2 site with its trifluoromethyl group binding deep into
the HBP, the phenyl moiety tilted 45 degrees and oriented towards the extracellular side,

and the protonated amine remained interacting with the Glu-493 (Fig. 5.5).

Figure 5.5. Docking pose vs. MD snapshot of Pose-4 of R-fluoxetine.
The docking pose and the MD snapshot are represented as yellow and
red colored sticks. The HBP is represented as a multicolored surface.
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5.3.2. Absolute binding energy calculations

Figure 5.6. The four poses considered for MD simulations and FEP calculations.
Poses 1, 2, 4, and 10 are represented as blue, brown, cyan, and yellow colored

sticks, respectively. The gated residues are represented as red colored ball and
sticks.

Next, we calculated the ABEs of poses 1, 2, 4, and 10. The calculated binding affinity of
pose-4 was in good correlation with the experimental value (Table 5.1). Poses 1 and 10
were not at all favorable for binding, whereas pose-2 has minimal affinity for hSERT

(Fig. 5.1).
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Table 5.1. Absolute binding energies of poses 1, 2, 4, and 10 with hSERT.

Pose Alo Al AGRest AGabs
NI B B0 OO0 BOOO BOO
0
T 2695 3066 2733+020 3042030
2 32.00  -3431  32.00+0.18 2634028
g 2807 2887 267001 3y 4378 42.53+0.13 267 41316+023
10 20.80 2752  27.10+0.19 2274029

The experimental binding energies (AGgxpt) from various sources are -12.71 + 0.05 kcal/mol [26], -11.90 £+ 0.10 kcal/mol [2],

and -11.65 £+ 0.08 kcal/mol [27], respectively. All energies are in kcal/mol.
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Table 5.2. Mutation of E493-to-Q.

AG4 AG3 AAGCalc AAGExpt
For [0 mjE|n For [J0JCI0) mju|n
89.86 -83.08 82.65+0.12 82.18 -82.53 81.94 + 0.71 = 0.75 £ 0.29 [16]
0.13 0.25

All energies are in kcal/mol.
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5.3.3. Mutation of glutamic acid 493 to glutamine
To validate the orientation of pose-4 in the S2 site, we mutated the gated residue Glu-493
to glutamine. Since Glu-493 interacts with the protonated amine through a salt bridge
(Fig. 5.7), mutation of this residue to neutral glutamine should impact the binding of R-
fluoxetine in the S2 site. Zhou et al. showed through experimental mutagenesis that this
mutation was unfavorable for the binding of R-fluoxetine in hSERT.

We calculated the RBFE change for this mutation using the FEP method. The
calculated AAG was in good correlation with the experimental value (Table 5.2). The
positive value of AAG indicates that this mutation was not favorable for the binding of R-
fluoxetine in hSERT. This shows that Glu-493 is crucial for the binding of R-fluoxetine
in the S2 site and also confirmed pose-4 as the right orientation of R-fluoxetine in

hSERT.

Figure 5.7. Pose-4 in the S2 site interacting with the gated residue E493.
Pose-4 is represented as yellow balls and sticks and the gated residues
are represented as green sticks.
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Figure 5.8. AG vs. A [JJE493Q mutation in the presence of
Oooo-40
Red and black curves represent AG4 and AGs.

Overall, our results agree with Zhao et al. that R-fluoxetine binds in the S2 pocket of

hSERT [16].

5.4. Conclusions

In this study, we explored the binding site and binding mode of R-fluoxetine using a
novel computational protocol. We chose four different AADS poses of R-fluoxetine in
the S2 site, performed MD simulations and finally calculated the ABEs of all four poses
using FEP approach. The calculated binding energy of Pose-4 was in good agreement
with the experimental value; the other three poses did not show appreciable affinity for
the S2 site. In MD simulations, pose-4, slightly reoriented with its trifluoromethyl
moiety, nicely accommodated into the halogen-binding pocket and the amine interacting

with the charged extracellular gated residue E493. This pose resembles the R-fluoxetine
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binding mode in LeuT crystal structure. To further validate the orientation of pose-4 in
hSERT, we mutated E493-to-Q in the presence of pose-4 using FEP method. Mutation
studies suggested that this change was unfavorable and confirmed pose-4 as the right
orientation. Based on our findings, we conclude that R-fluoxetine binds in the S2 site of
hSERT with similar orientation as in LeuT. However, recent literature reports support the
alternate hypothesis that R-fluoxetine binds in the S1 site of hSERT [28-30]. Therefore,
further studies are needed to clear this ambiguity regarding the binding site and
orientation of R-fluoxetine in hSERT. One possible strategy is to dock the ligand in the
S1 site, retrieve the poses proposed in the literature, calculate the ABEs of these poses
and compare them against the experimental binding affinity. Also, S-fluoxetine can be
included in this study since the experimental binding affinity is available; earlier studies

suggested that it binds in the same site as R-fluoxetine.
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FUTURE WORK

Future work includes

A. Validating the CGenFF parameters of the drugs through calculation of solvation
energies or pKa’s and comparing them against the experimental numbers.

B. Competitive binding assays are to be performed to determine the mode of inhibition of
DJLDU-3-79 and SSA-426. Also, the proposed binding modes of these two compounds
need to be validated by site directed mutagenesis experiments.

C. Since the binding site of R-fluoxetine in hSERT is still debated, its binding in the S1
site can be clarified by generating various poses (in the S1 site) proposed in the literature
though docking, performing MD simulations to test their stability in the site, and finally
calculating the ABEs and comparing them to the experimental values. Also, the binding

site of S-fluoxetine in hSERT can be elucidated using a similar approach.
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APPENDIX

6. A REVIEW OF NEW DESIGN STRATEGIES FOR

ANTIDEPRESSANT DRUGS

Partially reproduced with permission from Kalyan Immadisetty, Laura M. Geffert,
Christopher K. Surratt & Jeffry D. Madura. Expert Opin Drug Discov, 2013. 8(11): p.
1399-414.

6.1. Introduction
Depression is a chronic illness affecting millions of individuals and imposing staggering
economic costs [1]. Only in the last half-century has a serious effort been made to
develop pharmaceuticals specifically for this disease state; for thousands of years, natural
product extracts containing plant alkaloids have been used to treat depression. Such
extracts contain hundreds of chemical compounds, however, with some likely to cause
unintended effects. As an example, the antidepressant properties of St. John’s wort are
generally ascribed to inhibition of the monoamine transporter (MAT) proteins, but
additional compounds in the extract are responsible for adverse effects associated with
altering metabolism (e.g., decreasing contraceptive efficiency) [2]. Isolating the active

compound(s) was the logical solution in improving on the natural product.

6.1.1. First-generation antidepressant drugs
The era of antidepressant medications development began in the 1950s with
iproniazid. A monoamine oxidase inhibitor (MAOI) initially developed to treat

tuberculosis, iproniazid was serendipitously found to have mood enhancing properties
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[3]. Later in the decade, the antidepressant actions of imipramine, the first of the tricyclic
antidepressant (TCA) drug class, was also discovered through clinical practice (Fig. 6.3)
[3, 4]. MAOIs extend the lifespan of the monoamine neurotransmitters serotonin (5-HT),
norepinephrine (NE) and dopamine (DA) by interfering with their metabolism. TCAs
extend the extraneuronal lifespan of 5-HT and NE by inhibiting their cognate
neurotransmitter uptake transporter proteins. Unfortunately, these two drug classes are
associated with often-intolerable adverse effects due to additional actions at cholinergic,
histaminergic and adrenergic receptors. To retain the antidepressant benefits of increased
monoamine levels, a new generation of antidepressant drugs was designed to inhibit

either or both of the MAT proteins responsible for serotonin or norepinephrine uptake

[5].

6.1.2. Second-generation antidepressant drugs

Which antidepressant drugs belong in the first-, second- or even a possible third-
generation category is somewhat dependent on the literature source. The second
generation is typically viewed as beginning with drugs that selectively inhibit one or
more MATs (with minimal or no binding at monoaminergic receptors). Structurally
diverse drugs and medications followed over the next 50 years that can be classified as
selective serotonin reuptake inhibitors (SSRIs), serotonin-norepinephrine reuptake
inhibitors (SNRIs) or norepinephrine reuptake inhibitors (NRIs) (Table 6.1). Although
probably not included in the second generation, triple-reuptake inhibitors (TRIs) are now
a focus and moving toward FDA approval, due to recognition that dopamine also

possesses antidepressant properties, especially in treating states involving anhedonia [6].
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Table 6.1. Common classes of known antidepressants

Generic Trade

Class Structure Example Name Name
0 K\o
N
MAOI /@)}\ N s \) Moclobemide  Aurorix
Cl
TCA N / Imipramine Tofranil
O \/\/ N
AN
© CF3
SSRI T /©/ Fluoxetine Prozac
~ N 2 S
HO
SNRI /0 Venlafaxine Effexor
—N
\
/N ~N AN /\‘
‘\/N “
SARI / N 5 Trazodone Desyrel
NRI Atomoxetine Strattera
0 N
H

MAOI, monoamine oxidase inhibitor; TCA, tricyclic antidepressant; SSRI, selective serotonin
reuptake inhibitor; SNRI, serotonin-norepinephrine reuptake inhibitor; SARI, serotonin antagonist

and reuptake inhibitor; NRI, norepinephrine reuptake inhibitor.
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Serotonin is the brain’s chief mood regulator. This, coupled with the observations
that 1) victims of violent suicides registered low CNS serotonin at autopsy [7, 8], and 2)
serotonin biosynthesis precursors augmented MAOI antidepressant effects [9-11], drew
the antidepressant focus to modulation of this neurotransmitter. Toward creating an
antidepressant drug with TCA-like efficacy but without the cardiovascular effects that
accompany anticholinergic or norepinephrine transporter (NET) inhibitors, Eli Lilly

Corporation developed a new drug class in the 1970s: the SSRIs [12].

6.1.3. Rational design of an antidepressant drug: fluoxetine (Prozac™)

Despite its sedating effect, the histamine receptor antagonist diphenhydramine
(Benadryl™) was chosen as a starting point for antidepressant rational drug design
because of its enhancement of the pressor response to norepinephrine [13] (Fig. 6.1). The
drug was also known to inhibit synaptic neurotransmitter uptake by at least one of the
three plasma membrane MATs: hNET, hDAT and hSERT [14, 15]. To select for these
properties while excluding anticholinergics lacking MAT inhibition, a diphenhydramine
structure-activity series was synthesized and screened for the ability to block
apomorphine-induced hypothermia in mice [13]. Compounds that activate norepinephrine
or dopamine pathways block the hypothermia response; those that stimulate serotonin
activity or antagonize acetylcholine do not affect the response [16, 17]. From this
diphenhydramine series, the phenoxyphenylpropylamine (PPPA) compound LY86032
was found to block hypothermia, leading to identification of the highly NET-selective
inhibitor (NRI) nisoxetine. The original diphenhydramine analogs that did not reverse the

hypothermia were also tested for inhibition of one or more MATS, yielding the hSERT
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inhibitor fluoxetine (Prozac™), the first SSRI FDA-approved (1987) for major

depressive disorder.

Synthesis of
diphenhydramine analogues

:

Apomorphine-induced hypothermia mouse
model used to detect anticholinergic activity

Y\

No effect on hypothermia | | Reversal of hypothermia

Y

N
No | 2o

|
CHs; CHj
Fluoxetine (LY 110140) LY86032, a phenoxyphenyl-
(IC5, of 0.07 uM at SERT; propylamine (PPPA)
ICsy of 10 mM at NET)

l

OCHs
Nisoxetine (LY94939)

Figure 6.1. Structure-activity relationship (SAR)-based drug discovery
leading to fluoxetine (Prozac™), the first SSRI.
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6.1.4. SSRI effects on systems served by 5-HT receptor subtypes

The advent of fluoxetine and other FDA-approved SSRIs was hailed as a
profound advance in antidepressant brain receptor selectivity. Ironically, selective SERT
inhibition leads to widespread side and adverse effects precisely because of nonselective
serotonin actions. SSRI-induced increases in extracellular serotonin result in
indiscriminant activation of all 14 discrete 5-HT receptor types; these mediate pathways
in the brain, gut and other peripheral regions responsible for GI transit, sexual function,
and various homeostatic functions including vascular tone, sleep/wakefulness and
hunger. Thus, SSRIs are linked to cardiovascular problems, insomnia or hypersomnia,
weight gain, GI distress and sexual dysfunction. The adverse effect may be severe
enough to cause discontinuance of the SSRI [18]. This issue has prompted the goal of
developing SSRIs or SNRIs (selective norepinephrine reuptake inhibitors) that modulate
depression-relevant 5-HT receptor subtypes in a way that minimizes or eliminates the
antidepressant’s adverse effect. In fact, SSRI treatment-resistant outcomes may be due to
excessive negative feedback on serotonin release via presynaptic SHTa receptors [19,
20]. To address this, vilazodone (Viibryd™), the first FDA-approved SSRI/SHTiaR
partial agonist, was designed to boost extraneuronal serotonin levels [21]. Similarly,
presynaptic SHTig antagonists enhance SSRI activity [22]. While presynaptic SHT;
antagonists alone have yielded antidepressant effects in animal models [23], efficacies are
inferior to those seen with SSRIs [20].

Other serotonin receptor types hold promise as antidepressant drug targets. The 5-
HT, and 5-HT; receptors are best characterized with respect to SSRI adverse effects.

Activation of 5-HT»a receptors is associated with hallucinations (LSD is an agonist at
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this receptor); 5-HT>c mediates the vasoconstriction linked to cardiovascular and sexual
dysfunction. Antagonism of these receptor subtypes would be expected to mitigate the
adverse effects; the 5-HT2a antagonist ritanserin was observed to augment SSRI
antidepressant and anxiolytic effects [24-26]. Nausea and prokinetic GI effects may
accompany the 5-HT3R activation via SSRIs. Ondansetron and other antagonists at this
receptor have long been used as antiemetics for chemotherapy, and this drug class may
have anxiolytic and antidepressant properties [20, 27, 28]. The 5-HT4 receptor also
mediates GI activity; however, this receptor subtype is distinct in that antidepressant
effects are elicited by agonists, not antagonists [29]. The remaining serotonin receptor
types are less well characterized, but 5-HT7R antagonists are reported to possess
antidepressant and anxiolytic activity [30, 31]. Mirtazepine (Remeron™) is touted as the
only monoamine-based antidepressant on the market that does not have MAT inhibitor
properties; however, many monoamine receptors are modulated, resulting in a plethora of
adverse effects [32].

MAT inhibition 1is still desirable in an antidepressant in order to boost
extracellular levels of the monoamine. Drugs lacking this capability are more likely to be
used to augment a classic MAT inhibitor therapeutic [20]. The next evolution of
monoamine-based antidepressant drugs will be to retain the monoamine transporter
inhibition and add serotonin receptor-selective agonism or antagonism, as appropriate.
Consistent with this goal, the drug vorioxetine currently in clinical trials is an SSRI and a
full agonist at 5-HTa, partial agonist at 5-HTg, and antagonist at 5-HTp, 5-HT3 and 5-

HT?7 receptors [33]. This is not to imply that efficacies with respect to each receptor are
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optimized in this drug. It is possible that the drug’s intrinsic activity will need to be fine-

tuned at each receptor, via structure-activity series.

6.1.5. Landmark achievements toward elucidating SERT and 5-HT receptor

three-dimensional structures

Until relatively recently, a major obstacle for the design and development of new
antidepressants was the limited knowledge of MAT protein structure and function.
Lacking an x-ray crystal structure that could serve as a template, MAT structure had been
inferential, relying on biophysical, pharmacological and molecular biological studies
(e.g., characterization of MAT protein site-directed mutants). Such techniques elucidated
the general protein topology in the plasma membrane and indicated two or three probable
substrate binding site residues, but offered little toward which transmembrane domains
were juxtaposed, how substrates were translocated, or the size and shape of ligand
binding pockets. In fact, the eventual availability of a credible 3D MAT computational
model template revealed surprising and unforeseeable structural and functional features
[34].

This SERT template was provided by the crystallization of the LeuT leucine
transporter [34], a bacterial homolog of SERT. The LeuT and SERT proteins belong to
the NSS family, sharing a 12 transmembrane domain structural architecture and Na*-
driven electrogenic transport of the neurotransmitter substrate. The proteins are
hypothesized to have similar alternating access mechanisms [34, 35]. Similar to LeuT,
hSERT 1is proposed to have at least two ligand binding pockets. The S1 (primary

substrate) pocket is located midway through the protein and lipid bilayer. To the
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extracellular side of S1 lies the S2 (secondary substrate) pocket (Fig. 6.2). Evidence
supports a mechanism of the neurotransmitter substrate first binding in S2 before
relocating to S1; as the S2 site is occupied by a second substrate molecule, the S1 ligand
releases into the neuron [36-39]. Both pockets appear to accommodate inhibitors as well
as substrates [36-40]. It should be noted, however, that the existence of the S2 site is not
universally accepted [41, 42]. Several MAT protein computational models have been
built based on the LeuT x-ray structure [43]. LeuT-based computational modeling is
rapidly advancing the understanding of SERT ligand binding [44-52] as well as the large
conformational changes that take place during substrate translocation [48, 53-57].

Our knowledge of monoamine G protein-coupled receptor (GPCR) structures has
experienced a similar breakthrough. Crystal structures for the [1i-adrenergic, dopamine
D3, 5-HTis and 5-HT2g receptors have been reported in the last five years [58-60]. The
antagonist eticlopride was co-crystallized with the D3 receptor, providing a map for small
molecule antagonist ligand binding within the seven transmembrane barrel of canonical
GPCRs. The 5-HT receptor crystals included ergotamine analogs in the orthosteric
agonist binding site. Thus, creation of useful monoamine receptor computational models

1s possible, even straightforward.
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Figure 6.2. Primary (S1) and secondary (S2) substrate binding pockets of the SERT.
LeuT and SERT studies support a primary substrate binding pocket (S1, pink)
midway through the lipid bilayer. A secondary substrate pocket (S2, yellow) in the
extracellular vestibule, to the extracellular side of S1, appears to serve as a staging
area before substrate progression to S1. The pockets are separated by an
extracellular gate consisting of a TM 1 (Argl04) — TM 10 (Glu493) salt bridge (red)
and a TM 3 (Tyrl76) — TM 8 (Phe335) aromatic (green) interaction. SERT
inhibitors have been mapped to both pockets; accordingly, each SERT ligand pocket
has been utilized for VS. SERT TM domains 1 (yellow), 3 (green), 6 (cyan) and 8
(red) are highlighted.

6.1.6. Antidepressant mechanisms beyond the MATSs

The boost in extraneuronal monoamine neurotransmitter levels afforded by
monoamine-based antidepressant drugs accounts for only a portion of their therapeutic
benefit. An intriguing linkage between therapeutic antidepressant activity and
hippocampal neurogenesis has been established over the last decade [61-65]. Screening

for neurogenic and/or neuroprotective compounds is a new focus of the field;
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interestingly, certain FDA-approved antidepressants (e.g., fluoxetine) already have such
properties [66-68]. The search for new antidepressant drugs extends beyond the biogenic
amines. Ketamine and other NMDA glutamate receptor antagonists elicit an
antidepressant response within hours, as opposed to the weeks required of monoamine-
based drugs [69]. Peripheral administration of brain-derived neurotrophic factor (BDNF)
displays antidepressant properties in vivo [70]. While these approaches are an important
part of the future of antidepressant research, this review centers on development of
therapeutics that manipulate the activity of the serotonin transporter and selected

serotonin receptors.

6.2. Methods for Antidepressant Discovery and Design
In the 1970s, antidepressant discovery efforts began to include a rational
(computer-aided) design strategy. Several techniques have evolved and advanced the
drug discovery process, and can be broadly classified as experimental, knowledge-based,

and computational methods (Fig. 6.3).
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Figure 6.3. Different methods for antidepressant discovery/design.
Antidepressant discovery/design methods can be classified as
experimental (combinatorial chemistry and high-throughput
screening), knowledge-based (SAR and molecular hybridization), or
computational (structural, ligand, and hybrid (structure/ligand).
There are also cases of antidepressant discovery via serendipity or
clinical practices. SAR, structure activity relationship; HTS, high-
throughput screening; VS, virtual screening. References: [2], >[3],
U711, (721, 731, 4741, "[751, '[76],[77].

6.2.1. Experimental methods

Experimental methods include the popular techniques of combinatorial chemistry
and high-throughput screening (HTS). These two methods revolutionized the lead
compound discovery process in the late 1980s and early 1990s, shifting the bottleneck of
the drug discovery process from lead identification to lead optimization. Combinatorial

chemistry involves rapidly synthesizing a large library of structurally diverse compounds.

229



Advantages of combinatorial chemistry over systematic synthesis of individual
compounds include rapid lead generation, structural diversity (essential for novel lead
discovery), and cost effectiveness. Disadvantages of the method include low “hit” rate
(sometimes precisely because of the increased diversity), complexity of structures, the
presence of structurally impure compounds, occasional lack of drug-like features in a
compound, and limited options for chemical modification [78-80]. The combinatorial
approach has been used to identify a novel sulfonamide lead compound (designated
“J20”) with high binding affinity for the 5-HT7 receptor (ICso = 39 nM). J20 displayed
significant antidepressant activity in the mouse Porsolt swimming and tail suspension
tests relative to imipramine and fluoxetine [72].

HTS involves the rapid in vitro pharmacologic screening of a large chemical
library for activity at a battery of classic drug receptor targets. HTS is the predominant
process for lead compound identification. The chances of HTS yielding compounds
active at one or more targets are very good, assuming that the concentration range is
appropriate. The chief advantage of HTS is that large numbers of compounds can be
reliably screened using an array of receptor targets. HTS limitations include the possibly
prohibitive cost for an academic laboratory, the time required for large-scale screens, and
that some active compounds identified may not be suitable for further drug development.
Regarding antidepressant lead compounds, HTS successfully identified an entity with
low nanomolar 5-HTiaR affinity and high nanomolar SERT affinity. After SAR
optimization, a derivative compound displayed increased affinity and selectivity for these
targets, the desired intrinsic activity (0.2) for 5-HTiaR agonists, and good oral

bioavailability and blood-brain barrier penetration in the rat [71].
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6.2.2. Knowledge-based methods

Structure-activity relationship (SAR) studies and the technique of molecular
hybridization comprise the knowledge-based methods. These methods make use of
information on already available chemical entities, endogenous substrates and
biostructural data. SAR studies are widely used to optimize the activity of a hit or lead
compound toward a specific target through generation of structural analogs, as few as 10
or as many as 1000. In this way, the combination of functional groups necessary for
optimal drug activity is ascertained. As described above, fluoxetine (Prozac™) arose
from diphenhydramine SAR studies [12]. Molecular hybridization involves generating a
superior, chimeric bioactive compound by combining features from two or more
bioactive compounds [81]. This relatively new rational drug design strategy may be used
to improve receptor selectivity or create agents that can simultaneously act at multiple
targets. Starting with a hDAT VS hit compound, molecular hybridization was recently
used to create a high affinity SSRI lead compound [74]. The VS hit was combined with a
portion of the dual SERT/5-HTia inhibitor SSA-426 [82] to yield DJLDU-3-79, a
compound with hSERT:hDAT and hSERT:hNET selectivity ratios of 50 and > 200,
respectively [74]. Thus, molecular hybridization can be thought of as a type of directed
SAR during the lead optimization stage of drug design. A common limitation of the
knowledge-based methods is that, while effective in generating analogs of existing

compounds, novel drug scaffolds are typically not suggested, or an outcome.
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6.2.3. Computational methods

Computers are increasingly employed as an integral tool in the drug discovery
process, and this trend will only accelerate as the level of drug receptor resolution
increases. Because computational methods are expected to assume the forefront of drug
discovery efforts, this approach is expanded upon here. High-throughput virtual screening
(HTVS, or VS) is the in silico alternative to HTS. A computational screening technique,
VS allows a database containing perhaps millions of virtual chemical structures to be
scored and ranked based on predicted affinity for a specific protein or other drug target
[83]. VS filters and removes obviously undesirable compounds, decreasing the burden of
synthesizing trivial analogs. The use of large chemical libraries containing millions of
small molecule compounds promotes structural diversity in the resultant hit compounds.
The VS methods can be divided into ligand-based, structure-based, hybrid

(ligand/structure) and fragment-based approaches (Fig. 6.4).

6.2.3.1. Ligand-based VS

The ligand-based VS methods are based on a similarity property principle [84];
virtual molecules are scored based on their relative similarity to a “model” ligand [85].
In the ligand-based pharmacophore approach, protein-ligand interactions are predicted
based on the structures of established ligands, without knowledge of the target protein’s
structure. A pharmacophore is the spatial orientation of ligand features necessary for its
biological activity [86, 87]. Each feature is represented as a sphere (e.g., F1 - F5 in Fig.
2). The pharmacophore can be developed based on one or several ligands with the same

biological activity. The ligand-based pharmacophore approach is a viable alternative for
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obtaining structural information on binding sites in the absence of x-ray crystallographic
structures of the drug target (e.g., SERT) [88-90]. VS hit compounds that satisfy the
pharmacophore filter are next confirmed as ligands via in vitro pharmacologic testing.
Knowledge of the bioactive conformation of at least one ligand is needed for the
successful retrieval of novel scaffolds [91]. Enrichment can be improved by designing the
reference ligand model based on a diverse ligand set [92]. This method has been
successfully applied to discover NET [77, 93, 94], SERT [77, 93] and 5-HTac [95]
inhibitors. In summary, advantages of ligand-based VS are that the method is
computationally less intensive compared to structure-based VS, and no knowledge of the
target structure is required. Limitations include the reduced likelihood of finding a novel
scaffold, performance largely depends on the initial reference ligand, and the requirement

for at least one bioactive ligand conformation.

6.2.3.2.  Structure-based VS

When structural information on the target protein is available, structure-based VS
is the preferred computational drug discovery method. Structure-based VS relies on
ligand docking to the target. Docking is a computational technique that assists in
predicting the binding modes of ligands within the target protein pocket [96]. When
crystal structures of the drug target are unavailable, as in the case of the MATs,
homology models are substituted [97-99]. Homology modeling is used to generate high
resolution 3D models of proteins with unknown structures, based primarily on alignment
with one or more proteins of known 3D structure (templates) evolutionarily related to the

target [100]. In the absence of an experimentally determined structure, a comparative
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model can provide not only a starting point for experimentally validated research, but an
evolving representation of the target [101, 102]. Generation of a reliable computational
model is critical for the accuracy of the predictions to be made from the model.
Compounds from the virtual database are docked in the target protein site of
interest and ranked via a scoring function; usually a force field-based measure of how
well a ligand interacts with the protein. This constitutes a liability in the method,
however. Currently available force fields for drug-like molecules are of limited accuracy,
such that one has to rely on visual inspection for selecting the compounds for in vitro
screening. Docking and subsequent scoring are the most important factors that determine
the efficiency of any structure-based VS effort. A representative example is the discovery
of lead compound PRX-93009 through structure-based VS using a 5-HTia receptor 3D
model [76]. This compound displayed high affinity binding at the 5-HTa receptor (K; =1
nM), 65% efficacy, and a pharmacokinetic profile in rats comparable to buspirone, the
only FDA approved 5-HTa receptor agonist. Overall, the structure-based VS approach
provides a reasonable estimate of both the ligand orientation within the receptor and the
approximate binding affinity of the candidate ligand. Limitations of the method may
include the absence of a target protein crystal structure, poor knowledge of the binding
site, inaccuracies in the force field-based scoring functions, and variability as a function
of the target protein conformation used in the docking studies [103]. Ensemble docking,
which employs multiple conformations of the target protein, is suggested to improve

enrichment in the structure-based V'S studies [104].
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6.2.3.3. Hybrid (structure/ligand) VS
In this conjugation of ligand- and structure-based VS, a pharmacophore is created
within the ligand-binding pocket of the target structure. The small molecule database is
screened for novel scaffolds, first using the ligand-based approach and next with the
structure-based approach (Fig. 6.4). Although there are only two publications describing
the application of this method to the MATs, novel hNET or hSERT inhibitors were
reported [75, 105]. This method is further discussed below in the context of a specific

multi-target antidepressant discovery strategy.

235



Compound Library

Structure-Based

Ligand-Based
Virtual Screening

Virtual Screening

Structure/Ligand Hybrid
Approach
v

O .7 & 00

Hit Compounds

Figure 6.4. Structure- and ligand-based VS methods for discovery of novel ligands.
A library of thousands to millions of compounds is mined for potential SERT
ligands using as screening tools a computational SERT model (structure-based), a
SERT inhibitor pharmacophore (ligand-based), or a combination of both. Features
F1 — F5 of the pharmacophore indicate a requirement for ionic, hydrogen bonding,
aromatic or otherwise hydrophobic interactions with SERT side chains.
Compounds that align well with the pharmacophore and dock favorably within the
binding pocket are next characterized with respect to in vitro SERT pharmacology.

236



6.2.3.4. Fragment-based drug discovery

Perhaps the newest computational drug design strategy is fragment-based drug
discovery (FBDD) [106], a powerful alternative to classic VS methods. Contrasting with
the traditional approach of screening libraries of intact compounds, FBDD employs a
large chemical fragment library. Fragment combinations are covalently linked within the
receptor’s ligand-binding pocket to create new entities, often of unique scaffold
compared to the existing ligands of the target receptor [107]. Advantages of FBDD over
classic VS include the ability to cover a large chemical space while offering greater
chemical diversity and hit rates. FBDD also can offer smaller ligand sizes, more ligand-
receptor interactions, and favorable pharmacokinetic properties [108, 109]. On the other
hand, FBDD software is still in its infancy [110, 111], and FBDD hits are not always

easily synthesizable [109].

6.2.4. Summary of VS comparison with HTS

To summarize the comparison of VS and HTS methods, VS is superior with
respect to filtering the large chemical space, providing larger screening libraries, saving
time and money, and allowing testing of theoretical compounds, perhaps containing
novel scaffolds. Limitations of VS relative to HTS are overall reliability (considering the
virtual nature of its elements), the considerable computational resources needed to search
for 3D conformations of all molecules in the chemical library, and that compound

synthesis and in vitro testing of VS hits are still required.
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6.3. A Hybrid VS Strategy for Discovery of Novel SERT Inhibitors / 5-HT

Receptor Modulators

The use of computational methods for antidepressant drug discovery is not only
warranted but essential now that credible monoamine transporter and receptor models are
finally available. Our group has undertaken a hybrid VS strategy involving the SERT and
selected key 5-HTRs in the search for novel antidepressant leads (Fig. 6.5). To identify
novel human SERT inhibitors, one million compounds from the ZINC structural database
[112] were initially screened using the S2 pocket of our hSERT computational model
(Fig. 6.2). As a first step, a structure-based pharmacophore filter developed using several
established antidepressants was employed, resulting in approximately 4000 hit
compounds. These hits were next allowed to dock with the hSERT model and assessed
via Affinity dG scores and visual inspection. Visual inspection, a final, crucial step in the
VS process, manually identifies hit compounds that display especially favorable
intermolecular interactions with receptor pocket residues. Our visual inspection is based
on five criteria: 1) the type and number of intermolecular interactions, 2) the binding
pose, 1.e. orientation and conformation, of the ligand, 3) key pocket residues are involved
in the binding, 4) steric clashes, and 5) structural novelty of the VS hit. From the 68 hits
obtained, the 15 most structurally diverse compounds were acquired for in vitro
pharmacology. Two compounds, structurally distinct from current antidepressant
medications, displayed low micromolar SERT binding affinities and substrate uptake
inhibition potencies, and no detectable activity at the hNET or hDAT [75]. Micromolar

affinities for VS hit compounds are not uncommon when homology models are employed
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[113-119], especially given the low sequence identity (<30%) between LeuT and hSERT.
Similarly, the first reported VS efforts based on a LeuT-directed hDAT homology model
yielded hit compounds with low micromolar hDAT affinity [105] and slightly better
(high nanomolar) SERT affinity [74]. More recently, the hybrid VS procedure described
above has been conducted using the S1 SERT pocket. Several novel, in vitro-verified, VS
hits of high nanomolar SERT affinity were obtained (unpublished data).

Compounds identified as novel SERT ligands can next be subjected to VS at 5-
HT receptors relevant to the depressive state or responsible for the classic adverse effects;
these include 5-HT1a, SHT24 and 5-HT3 (Fig. 6.5). The resulting hit compounds would be
tested for in vitro activity. Promising lead compounds are next optimized for target
affinity and selectivity via SAR and computational FEP calculations, with the new
analogs characterized in vitro, using animal models of depression, and hopefully one day
in human clinical trials. Multi-site drugs (e.g., hRSERT/5-HT1a/5-HT24/5-HT3 ligands)
developed through this approach are expected to serve as a new line of antidepressant

medications carrying a more favorable side/adverse effect profile.
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Figure 6.5. Multi-VS scheme toward discovery of antidepressant lead compounds.
Using the structure/ligand-based hybrid approach, VS hits are pharmacologically
characterized in vitro. Compounds that display specific binding to the SERT are
next subjected to hybrid VS at 5-HT receptors associated with SSRI adverse
effects. Resultant 5-HT receptor VS hits are tested in vitro for function (agonism
or antagonism) as well as affinity, with promising compounds optimized via SAR
and further tested in animal depression/anxiety models, and finally human clinical
trials.
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6.4. Conclusion

The development of antidepressants over the generations from monoamine
oxidase inhibitors to selective serotonin reuptake inhibitors and beyond was discussed.
Various drug design strategies were covered, with the major focus on computational VS
approaches. The success of any drug discovery effort largely depends on the initial design
strategy chosen. For decades, antidepressant discovery has benefited from combinatorial
chemistry, HTS and SAR studies. These traditional methods must be augmented or
improved upon to reduce the now-prohibitive cost of drug discovery. VS evolved as a
powerful adjunct/alternative to in vitro HTS, and is evermore essential to the modern
drug discovery project. Although there is not a single marketed antidepressant developed
completely based on computer based drug design approaches, optimal use of computers,
especially in lead identification, will enormously benefit drug discovery in terms of
money, time, and novelty of the lead compounds. Finally, with the availability of reliable
computer models of MATs and monoamine receptors, the use of computational strategies

should enhance and facilitate the antidepressant drug discovery process.

6.5. Expert Opinion
Due in part to the many adverse effects associated with monoamine
neurotransmitter-based antidepressant drugs, new therapeutics are in demand. In view of
the astronomical cost to bring a successful drug to market, a new drug development
approach is needed. Developing innovative approaches to assist in the development of

novel and effective therapies to depression is a demanding research area. Searching for

241



therapies that will help reduce adverse effects with improved response time makes this a
complex and challenging task. We are developing a novel computational and
experimental approach at Duquesne University in Pittsburgh to meet the complex and
challenging task. The novel approach is to derive new lead compounds by starting with
VS of serotonin transporters and receptors, leading to pharmacological testing and
synthesis, and ending with animal behavioral studies. This group is currently applying its
workflow specifically to the serotonin transporters and receptors, with plans to extend it
to other neurotransmitter transporter/receptor combinations (e.g., glutamate).

VS of small molecule databases using computational drug and drug target models
is a feasible, rapid and inexpensive alternative to the prevailing in vitro high-throughput
screening approaches. Computational methodologies remain a predictive tool, but a tool
that will inexorably dominate the drug discovery landscape as improvements are effected
regarding specific issues such as incorporating target protein flexibility, refining water
molecule placement, and improving scoring functions. The computational approach is
further supplemented by pharmacological testing in order to support the computational
results as well as assist in improving the computational models. Once a series of potential
compounds [74, 75, 105] has been identified, two parallel approaches are undertaken.
The first is the synthesis of analogs to improve affinity and selectivity [74], or to create a
molecular probe by adding functional groups that can covalently attach to the transporter
or receptor upon binding [120-122]. The second is to identify the specific binding site
and important residues in the binding pocket using mass spectrometry methods. The final
step is to test the effectiveness of the best compounds in animal models. In the authors’

view, this joint computational and experimental effort in the development of future
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antidepressants will hinge on close collaboration of different scientific disciplines.
Finally, optimal use of the new research tools (e.g., VS, FEP methods) offer greater
predictive power and efficiency than the traditional reliance on serendipity and a
structure-activity series. We see this team of academic scientists from diverse disciplines
working on a common problem as the emerging approach for discovery of novel lead
compounds. This method of drug discovery is similar to the idea behind small biotech
companies that develop lead compounds and contract with large pharmaceutical
companies to license their compounds.

There are several challenges that will impact the success or failure of the drug
discovery process. One challenge is that a more complete and detailed understanding of
the complex biochemical interactions and pathways is needed. Some of this will come as
the field of systems biology develops. A second challenge is in the improvement of the
computational tools. As an example, VS is heavily dependent on the filtering mechanism,
comprised of a pharmacophore model and a scoring function. A ligand-based
pharmacophore model depends on the alignment of substrates in three-dimensional space
as well as accurate activity data. A structure-based pharmacophore model depends on the
conformational state of the transporter, which at this time is not accurately known.
Scoring functions are dependent on the terms used to define the scoring function as well
as the data set used to train (i.e., develop) the scoring function. One last challenge is
mapping the transport mechanism. In this case long-time simulations with enhanced
sampling methods to test the hypotheses of a one or two substrate transport mechanism.
These challenges are presented because they are pursued by numerous academic [123,

124] and industrial [125-127] research groups.
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Exciting developments on the drug discovery horizon include crowd computing
(e.g., Docking@Home [128]), cloud computing (e.g., Amazon cloud [129]), and virtual

collaborative organizations/research teams [130].
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