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Abstract

New Psychoactive Substances (NPS) were designed to be legal alternatives nig esistblished
recreational drugs. They have fast become a very popular and up until 2016, NPS were legal, cheap
YR FTNBSte | 00SaaArofsS OAl GKS AyaGSNySi FyR KA3IK
of these drugs has reached epidemic poapons, whereby hundreds of NPS have been developed

and sold within the last fivgear period. As NPS are synthesized in clandestine laboratories there is

little to no control in the manufacture, dosage and packaging of these drugs.

The public health rkss posed by these drugs are therefore-faaching. Fatalities and severe adverse
reactions associated with these compounds have become an ongoing challenge to healthcare services,
primarily because these drugs have not previously been abused and thertfere is little

pharmacological information available regarding NPS.

There are a number of different biological receptors that are implicated in the effects of NPS and the
mechanism of action for the majority of these drugs is still largely unknowsoftgreat importance

to try and establish an understanding of how various classes of NPS interact on a molecular level. In
this thesis, structurdrased and ligarnbasedin Silicomethodologies were employed to gain a better
understanding of how NPS maydract with monoamine transporters (MAT). Key findings included
both molecular docking studies and a humber of robust and predictive QSAR models for the dopamine
and serotonin transporters provided insight into how promiscuity of NPS between the diffiet&mnt

isoforms could arise.

In addition, pharmacophore models were generated to identify chemical entities that were
structurally dissimilar to known existing NPS that had the potential to interact with the cannabinoid 1
receptor (CB1) and hence were hypesiised could elicit similar biological responses to known potent

synthetic cannabinoids.

Thirteen of these compounds were identified and carried forwardiriovitro and ex vivoanalyses,
where preliminary results have shown that two compounds activate @il receptor. Further
optimisation of these compounds could yield a novel SC scaffold that was previously unseen.
Additionally, the compounds identified and the methodology employed in the generation of these
new chemical scaffolds could be used to guEaly Warning Systems (EWS) and facilitate law

enforcement with respect to emergent NPS.
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Figure 6. 3: Representative image of GEIR1 cells at 9000% confluency. Cells are adheteda T75 flask
after 48 hrs. Images taken with a GXCBMigital microscope -Biount camera (GT Vision Suffolk, UK)
mounted on an Olympus CKX41 microscope at x4 magnificatian

Figure 6. 4: Representative images of CHO cells A: at 4x, 10x and 20x, B: 4x, 10x and 20x, C: at 4x, 10x and 20x
and D at 4x, 10x and 20x. Images taken with a GXg€AMNital microscope -Giount camera(GT Vision
Suffolk, UK) mounted on an Olympus CKX41 microscope. Image is a randomly selected representative
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Figure 6. 5: The growth curve of GI88IR1 cells over a seven day period, using 3 different passage number (3,

8 and 11). For each passage number, four trypan blue counts were conducted giving a total n=12. Cells
were grown in F12 Hams complete di@ and cell counts was conducted using trypan blue exclusion assay.
Results are expressed as a meanSi of three independent experiments with n =12. P value of 0.0001

(***) was determined relative to day 1 and day 3 usingrdy ANOVA. Posést comparsons were made
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Figure 6. 6: The absorbance values (in nanometres) obtained thhe MTS assay that was carried out over a
seven day period. The data points with standard deviation bars are calculated based on three different
passages (3, 8 and 11) that were assayed in triplicate. Results are expressed as a-rB&aofithree
independent experiments with n =12. P value of 0.0001 (***) was determined relative to day 1 using 1
way ANOVA. Posést comparisons were made using Tukeys test at 95% confidence interval....192

Figure 6. 7: The percentage of dead GEIIR1 cells over a seven day period. The percentage values were
calculated using the % cytotoxicity equation (Section 6.3.5, Methods) Resuks@essed as a mean +
SD of three independent experiments with n =12. P value of 0.0001 (***) was determined relative to day
using tway ANOVA. Posést comparisons were made using Tukeys test at 95% confidence int&é8al.

Figure 6. 8: results (n = 6) of the MTS assay carried out after 90 minute incubation period of the compounds
with the CHGCNRL1 cells. Results are expressed asean + SD of two independent experiments with n
=6. P value of 0.0001 (*) was determined relative to negative control usingylANOVA. Posést
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reaults obtained when MAMR2201 was added to the cells and the negative contre)l é& cells that have
had no addition chemicals added. ... 194

Figure 6. 9: The standard curve used to determine cAMP concentrations for assayed samples........ 195

Figure6. 10: histogramwnmarising the cAMP production in treated samples, the calculated amount (pmol/mL)
of cCAMP that was present in each well for the compounds of interest (n=6), ®ZM (C+, positive
control) and cells that had been assayed with only the addition of IBMXé€@ative control). Results are
expressed as a mean + SD of three independent experiments with n = 9. P value of <0.001 (***) was
determined relative to positive control (MAI2201), using dwvay ANOVA. Posést comparisons were
YIRS dzaAy 3 5 @Es¢ocdiidéntegintetvd.a. 0. ..k 195

Figure6. 11: EFS trace of an induced muscle contraction. The line that indicates test dose (highlighted in yellow)
shows the point at which the carbachol svadded to the organ bath. The peak shows that the tissue has

contracted, the quantitative data is obtained by subtracting the maximum tension values (V2) from the
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resting tension value (V1). These values were obtained by placing red cursor lines asg¢Hméaension
and a second red cursor line at the peak of the contraction. The values for V1 and V2 can be seen in top
right hand corner of figure 6.10 1.€. 4.730.0....ccccciiiiiiiiiiiee e e e e e e e e e 197
Figure 6. 12: Representative traces of the-B¥ked an EFS pulse of 10 Hz is applied¢cCAmpound 1, B
compound 11, @ positive control (MAM2201) and DO negative control (tissue and Kerbs buffer only).
Campound 1 exhibited a tension change of 0.604 g, compound 11 exhibited a tension change of 0.703 g
and the positive control exhibited a relaxation wave (0.679 g) and then a contraction of 0.930 g. The data
for compounds 1 and 11 have been shown as thesepmunds exerted the greatest change in tension to
comparison to all the other compouNds SCrEENEM...........cooiiiiiiiiiiieeee e 198
Figure 6. 13: Protein Ligardteraction Fingerprints (PLIF) for Compound 1 (A) and Compound 11 (B). The
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Chapter 1

General Introduction



1.1 Traditional drugs of abuse

Traditional drugs of abuse include cannabis, heroin, cocainesestasy, the consumption of these

substances has been extensively documented throughout the last century.

{Y21Ay3 KSNRAY ¢l a 1y26y |a aOKFaAy3a GKS RNI3IA2y;
1920¢. This practice spread globally until the 1960s, whetravenous use of heroin became more
commort. Currently heroin is the™most popular narcotic in Europand the global amount of heroin

seized reached a record high@ff tonnes in 2016

Cocaine use in the 1980s was mainly associated with the wealthier members of Sosieih

dzft GAYIF GSte 3L @S NRaS G2 GKS OKS BdibiSawhsadirasidiug £ S F N
have become a global health burde€annabis plants have also been cultivated by man for centuries

and used for textile purposes (hemp) and the medicinal purpo$esenabis have been reported

throughout history. The last century has seen the popularity of cannabis rise to a point where it has

become the most widely abused drug glob#lly

Psychoactive/Psychotropic substances derived from plant based origins such as opium, khat, cannabis,
coca leaves and magic mushrooms have also been abused for cehtuhied961, when opium

smoking had become a serious public health threat, legislation was brought into &effetike the

supply and use of narcotic substances illegal. Thus, the 1961 single convention on narcctiwasugs
introduced, which prohibited the production and supply of traditional drugs of abuse such as heroin,
cocaine and opium. This began the process of criminalising drugs;useugnd psychoactive
substances in general. A number of safuent drug laws° were brought in and enforced following

the 1961 single convention on narcotic drugs, in otdeguard against the risks to health and society

at large that these substances posed. Despite the increase in legislation and its enforcement, suppliers

of illicit narcotics continued to exploit the vulnerable and addicted, and in an effort to maxiheire t
LINEFAGE 0683y (2 wOdziQ (*RDAKRRW BB2 YAOBSsATK IXKEK S
a decrease in purity of traditional drugs such as codéiaad it is believed that this was one factor

GKIFG | O0St SN¥ 4GSR 0KS 3ANRgGK 2F +y SYSNBSyd Ol
t 38 0K2F OUAQPS {dzoaidl yOSas ¢gKAOK dza SNEste 2 FLUIBNE dER ¢

as legal, and somewhat erroneously presumed safer replacements to the traditional drugs of abuse.

1.1.1 New Psychoactive Substances (NPS)

A New Psychoactive Substaribé>S) idefinedby the European Monitoring Centre for Drugs and Drug

Addiction (EMCDDA) as 'a new narcotic or psychotropic drug, in pure form or in preparation, that is

10



not controlled by the United Nations drug conventions, but which may pose a public health threat
compat 60f S G2 GKIG LI2&aSR o0& adon%idlryoSa tAaGdSR Ay (f
Historically NPS were highly popularizethemid-2000sF Yy R 02 YY2yf & NBFSNNBR (2
GRSAAIYSNI RNHZA&E I & NB A& SYapdy KamEdkdGeYorth@it Iégal status i tRe ¢ £ S|
UK prior to the 2016 Psychoactive Substancé®®ct ¢ [ S f KAIKEAE H6SNB Sl aAf
dG0NBSH aKSIR &aK2L¥é¢ FyR 2yftAyS NBGFAfSNAR Fd4 Y

such asocaineand MDMA®.

1.1.2 NPS Classification

Categorisation of NPS varies greatly. Some literature, partigutzat aimed at devising appropriate
clinical intervention to treat NPS intoxication, will classify NPS according to their pharmacological
effects using, for example, the following categories: stimulants, cannabinoids, hallucinogens and

depressant¥.

The United Nationsffice on Drugs and Crime (UNODC) uses a-sgsiematic classification system
which divided NPS into nine categories based on their drug class i.e. aminoindane, tryptamines ,
synthetic cathinones, synthetic cannabinoids, ptaased substances, piperazsmehenethylamines,

other substances and phencycliditygpe substances.

The European Monitoring Centre for Drugs and Drug Abuse (EMCDDA) expands on this and classifies
NPS according to 13 types, some of which overlap with the UNODC classification systenmrolipsse g

are:  Aminoindang Arylalkylamines, Arylcyclohexylamines, Benzodiazepines, Cannabinoids,
Cathinones, Indolalkylamines (i.e. tryptamines), Opioids, Others, Phenethylamines, Piperazine
derivatives, Piperidines & Pyrrolidines and Plants & Ex&&étSimilar to the classification system
employed by the UNODC, the groups used by the EMCDDA are not systematic gnd can relate

to the psychoactive effect of a compound e.g. cannabinoids, the chemical structure of the compounds
e.g. cathinones or the source from which the substances have been extracted (e.g. plant material).
Differences in classifidan and nomenclature of NPS adgb the complexity of identifying and

ameliorating the risks associated with this already diverse group of comp&unds

Over the last 8 years, 560 previously unseen NPS have been identified inE(Fapee 1.1), these
include compounds from the EMCDDA classes iper&zines, Benzodiazepines Arylamines,
Tryptamines, Opioids, Phenethylamines, Others, Synthetic cathinones and Synthetic cann&binoids
(SC).
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Figure 11: Graph showig the increasing number and type of NPi&ing reported by the EMCDDA

over a 12 year period (left), and the total number per category (right).

1.2NPS Pharmacology

A large number of NPS ahlelieved to interact in the body with monoamine transporter (MAT)
proteins. MATS structurally consist of 12 transmembrane helices and play an active role in the release
and reuptake inhibition of the monoamine neurotransmitters (MNt); dopamine (DA), noegghrine

(NE) and serotonin (SER). The biologicasr@lA, NE and SER play witthie body are varied and
include mood stabilisation, appetite and aggression regulation, sexual arousal, cognition, mental
wellbeing and decision makifig Neurotransmitter modulation can be carried ouiy their
counterpart transporter proteins i.e. for dopamine DAT, for norepinephrine NET and for serotonin the
SERT transporter. As MNt all playemdive roles in cognitive and emotional processes, the desire to
alter their levels within the brain to elicit some form of psychoactive response has paved the way for

recreational drug abuse.

The diverse biological roles of these compounds have ledaa#velopment of synthetic analogues

and mimetics i.e. NPS, which are abused in order to elicit the desired recreational effects. As an
example, dopamine mediates the sensation of pleasure in the brain. Unsurprisingly, given their
structural similarity todopamine, drugs such as cocaine, amphetamine, methamphetamine and
methylphenidatemimic the effect of dopamine, by either promoting its release or preventing its

reuptake, this means that these drugs are routinely abused.

NE transmission is associated lwihe flight or fight response and arousal. Clinical studies have

demonstrated that low levels of NE in the brain are linked to depre&&ibms higher levels are
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associated with heightened levels of arousal and/or feelings of wellbeing, chHimitducing an

increase of NE in the brain to simulate arousal and/or euphoria have been achieved via the use of
narcotics such as cocaine and amphetamines. As these compounds are illegal and subject to controls,
NPS were initially developed to achieveethame results whilst circumventing the legislation. For
example, cathinone derivativessuchas¥, & (i Ké ft SYSRA2E& LB NR O f SNRYS o6a5
previously been marketed as legal alternatives to -Bpethylenedioxymethamphetamine (MDMA),

amphetanine and cocain®.

1.2.1 Monoamine Transporters

All MATSs consist of 12 transménane helices connected via both intra and extracellular loops located
in monoaminergic neurons (Figure 1.2). These proteins are responsible-dptaiee of monoamine
neurotransmitters using sodium and chloride ion gradient systems to transport the mdnesn Al

3 MAT have beestudied extensively with relation to depression and addiction. It has been well
established that the transporters are responsible for the reuptake of monoamines which is indicated
by the process being inhibited by antidepressants drugs. However, the misohaf action for this

inhibition of reuptake is not fully understocd

COOH

Figure 12: Figurel.2: 2D representation of the MATthe 12 transmembrane helices are illustrated

and the binding site circle in red.
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There is adegree of promiscuity between the monoamines and MAT receptors as a consequence of
their chemical structure similarities (Figure 1.3). This promiscuity of binding can also be seen with a
variety of other molecules. For example, a number of antidepressartt@appetite suppressant drugs

(sertraline, fluoxetine, nisoxetine and Mazindol), have been found to have affinities with all three MAT

34 35
).
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Figure 13: Chemical structures of dopamine, norepinephrine and serotonin

The rapid emergence of NPS caused a number of NPS related poisonings and fatalities, and as these
compounds had not previously been abused, the pharmacological effects of many of them were
largely unknowef. The mechanism of action for NPS is not yet fully undetktlt is known that the

there is a high level of promiscuity between some NPS and the MAT isoforms. Given that each MAT is
responsible for a large number of cognitive processes, and that such processes are altered with the
use of NPS, compounds with tpetential to interact with all three isoforms pose a potent potential

threat to public health.

1.2.2 Dopamine Active TransporterDAT

Dopamine concentrations in the brain are modulated by DAT. Ligands that interact with the protein
will either inhibit reyptake of dopamine (cocaine) which will result in feelings of euphoria, or stimulate
the release of synaptic dopamine (amphetamine) which often produces increased levels of confidence
and energy’. Uncontrolled levels of dopamine in the brain are reported to be responsible for many
neurological disorders such as depression, bipolar,] Ray' a 2y Qa RAaSlFasS I yR
hyperactivitydisorder (ADHBY. The mechanism of action for ADHD is associated with low levels of
dopamine, drugs such a methylphenidate are known to stimulate the release of dopamine into the

extracellular space to help manage this conditfon

1.2.3 Norepinephrine Active TransporterNET

NET recycles NE as well as DA and SER from the synapse to presynaptic heurons. féhend\&e

selective ligands that have been investigated in comparison to DAT anéf.3&RE been suggested
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that NET requires a secondary extracellular site for norepinephrine trarf8pastthis feature is not
common among lathree MATs and NET has a high binding affinity to DA it could indicate that there

is a similar transport mechanism between DAT and*NET

1.2.4 Serotonin Active Transportey SERT

SERT is responsible for maintaining normal concentrations of serotonin in the brain. When the
NBdzLJiF 1S YSOKIFyAayY R2SayQi 7T dayod 6f this yhonbadMBd IaMNI &  dzy
result in depression, anxiety, stress, appetite deregulation and impaired codaitinorders caused

by the imbalance of serotonin have given rise to a group of drugs known as selective serotonin
reuptake inhibitors (SSRntidepressant drugs such as fluoxetine and citalopram work by blocking

the reuptake of serotonin back into the serotonergic neurons, as it is believed that increasing the level

of serotonin at the synaptic cleft is responsible fotidapressant activit§?.

Understanding structural differences between the MAT isoforms will provide insight into the
neuropharmacological effects of psychostimulants. Identification of crucial priggind interactions

of NPS to a specific MAT isoform may highlight structural featthat are required for selectivity
between DAT, NAT and SERT. This thesis will set out to establish what the structural differences
between the MAT isoforms are, and how those differences can be exploited to understand the
selectivity of DAT, NET and=gEor a number of NPS

1.3 Factors influencing the rise in popularity of NPS: Perceived legality of NPS

alye& RNYzZ dzaSNAR KI @S NB@SFfSR GKFG AG gFa G§KSAN
these compoundsweresdfd Y R G KS ARSI -FNE SO RNHSN] dBSOKI & 0SSy
forces behind the popularity of this group of compounds. Up until 2016 these substances were not
considered controlled substances, despite being based on the chemical structuresvai Khcit

compounds. The NPS differed from controlled, illegal compounds as a consequence of small
Y2ZRATFTAOIGA2ya G2 GKS AffAOAG O2YLRdzyRQa OKSYAOI f

frg FYR I FF2NRSR (GKS ySg Y2tSO0dzA S aftS3IFté adl ddz
An example of this was the compound mephedrone, which is structurally similar to cathinone a
naturally occurring stimulant found in the khat plaftgtha edulig®. Figure 1.4 shows the chemical

similarity between cathinone and mephedrone. The minor modification to the chemical structure of
mephedrone, in comparison to cathinone, circumvented the then existing legislation, maleng th

provision and consumption of that compound legal as it was not prohibited by the 1971 Misuse of
Drugs Act
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Figure 1.4: The chemical structures of Cathinone and mephedrone, identical sections of the

compounds are highlighted in red.

Mephedrone gained notorietin 20089 and was a highly sougatter party-drug as its physiological
effects wee likened to those of cocaine and amphetamitieBigure 1.5 highlightdie high degree of
chemial similarity between mephedrone, Methylone and methylenedioxypyrovalerone (MR2RAY)

as such it is clear to see why these compounds would elicit similar physiological responses.

\N \N o) o)
H o H o o
Mephedrone Methylone MDPV

Figure 1.5: The chemical structures of the most widely abused synthetic cathinones reported in
2014, mephedrone (4nethyl methcathinone), Methylone (3;#hethylenedioxymethcathinone) and
MDPV (3,4nethylenedioxyprovalerone) The part of the molecules that are identical between the

structures are highlighted in red

The popularity of mephedrone, and other NPS3senhanced by their potency, easy access and legal
status®. NPS have seenrapid emergence onto the mark¥tand the continued growth in numbers

of these conpounds has caused detrimental effects that have been felt across the “§ldbar
example, a number of NPS (from classes such as synthetic cannabinoids, caffirmonkes
phenethylamines) have been attributed as a causative agent in a number of reported fatalities from
around the world*>®. The discovery of mephedrone gave rise to over 130 synthatlinoned®,
However the authorities were quick to recognize the potential danger of these compounds, and
mephedrone is now illegal in the UK. It became one of the first NB&kanned under a modification

to the 1971 Misuse of Drugs Act when on April 16 2010 it, and other substituted cathinones were
YIRS G/ G4S32N2 . ¢ adzoaidl yoSa
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1.3.1 Enhanced Potency and reduced costs of NPS compared to traditional drugs of abuse.

The demand for customer satisfaction, market competition and the battle taimivent increasing

amounts of legislation hafuelled a continual supply of new chemically diverse MPSustomer

satisfaction, in this instance, is defined as ease of access to NPS, low cost and high potency. For
example, the NPS-Renzylpiperazin (BZP) is simifatarms of its chemical structure to amphetamine,

but is marketed at lower costs (BZP approx. £2 per tablet in comparison to appfb2.#8 gram of
amphetamine according to the EMCD®ANd until recently circumvented the UK legislation on

controlled psychoactive substances, despite being reported @ H® times greater potency when

compared to amphetamirf8 Synthetic cannabinoids arel®(:times more potent than traditional

cannabis, and users of the popular@2 O1 G A f G { LA OS¢ NBIdZANB | &Yl &

a more intense higlt enhancing the appeal of NPS to drug users.

1.3.2 The role of the internet in access to NPS

The growing popularity of NPS was thought to be due to several fartduding marketing strategies

e.g. buy one get one free armblourful packaginéf. The packaging associated with NPS has been

Ot SOSNI e RSaA3aySRI dzaAy3d ylYSa (GKFdG FNB aeyzyey
previously legal alternative to cocaine which is known to contain ethylphenidate an analogue of the
prescriptiondrug methylphenidate (Ritaliff Online retailers of NPS would commonly employ a
marketing strategy to name products after movies, social media sites and celebrities that were socially

relevant at the time of distribution (e.g. Facebo@harlie Sheen and Black Widé{)

The online distribution of NPS has facilitated the ease of access for both new and experienced drug
abusers, which enhances the publieafth risks associated with these substartée®nline studies

carried out stated that NPS users found the ease of acquisition, legality &faadevariety of NPS via

the internet as one of the greatest benefits of NEB®™. Online NPS forums and social media have
provided a community whereby NPS users can candidly discuss their opinions and experiences of
NPS?, this coupled with home delivery via internet purchasing has facilitated the growth and interest

in NP&.

The availability of NPS via online retail has reduced since the Psychoactive Subst&hdeswater
(KNRdAK GKS dzas 27F IONE Lki @ OazNNS fy FeMBDAR fidi O&p 16 B A £ |
Net/ Cryptomarket is an intentionally hidden marketplace for a diverse range of illegal activity
including the sale of illicit drugs. The digital footprint sets of the Dark Net is untraceable and
obfuscated as it is only accessible through specially configured brésensch mask IP addresses

FYR 20KSNJ RAIAGEFE ARSYGAFTASNERS® ¢KS (SOKyz2f238 dz
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method of buying and selling items using a digital currency i.e. Bifc@ime use bthis technology to
almost eliminate the chance of detection means that despite the introduction of legislation to ban
NPS, the popularity and use of these compounds continues almost un&hatétth a reported drop

in use for those aged 189 of only0.3%. Although this is a reduction, there is evidence that some of
those using NPS prior to the introduction of the ban having returned to using traditional drugs of

abusés.

1.3.3 Public Health Concerns regarding NPS

The ease of availability, coupled with the diverse range of NPS W&ngdy has culminated in a global
health concern. The number of fatalities and drug poisonings attributed to NPS abuse is on the
rise?36768 The latest trend in NPS relates to the abuse of the fentanyl family of comp®(ogsoid
analgesicjvith nearly 6000 deaths being reported from 262Q147°in the USA. Although the fentanyl
epidenic appears to be localized to America, there have been reports of overdoses in the UK, where
the reported number of fentanylelated deaths stands at 58, and opioid overdoses have doubled (597
to 1209) in a four year period (2045)%. Concernsre growing around Europe that the prevalence

of fentanyl is increasing, and there is an urgent need for effective harm reduction strategies to be put
in placé? However, fatalities and drug overdoses are not limited to opiates, and have also been linked
to the following NPS categories; Cathies’®, Phenethylamin&, Synthetic Cannabinoitfsand

Benzodiazepinds

Another key public health issue for NPS is the lack of information available about what type and
amount of NPS are being abused, and the risks associated with the consumption of these new
compounds. Many NPS have not previously been widskduand appear only briefly on the
market8°962.7° Therefore, the clinical and pharmacological data associated with the risks for these

compounds are not readily available for use by clinicians in the treatment of NPS ovérdoses

1.3.4Psychoactive Substanséct

In an effort to combat the burgeoning public health crisis posed by the advent-Oflsé f SR af S3 I
KA3aKaé> GKS 'Y AYOUNRRdIdzOSR | oftly1SaG oFly 27F I ff
2016 prohibits the sale, possession and possession with intent to sell of psychoactive compounds,
including the previously legal NPS, but makes provisiomefsearch institutions to be exempt from

the act. The ability to effectively enforce this act has raised concerns and the ability of the blanket ban

on these compounds to address public health concerns raised by NPS has been subject to criticism.
Firstly it has been argued that as a result of the elimination of online retailers, the NPS market may

merge with already established traditional drug trading market and will focus the sale of these drugs
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towards the most vulnerable groups and individd&al€onsequently, although this may reduce NPS
availability it is argued that it will not reduce overall dmgdated harm. Secondly, mg academics

view the act to be legally, and scientifically, flawed and any possible prosecutions will be costly. In
addition, proving the psychoactive nature of seized contraband, given the number and chemical

diversity of new compounds entering the matkmay be problematic.

1.4 Synthetic Cannabinoids

As the diversity and availability of NPS has increased, the number of seizures associated with common
drugs of abuse such as cocaine and heroin has become less fréyltowever, the use of cannabis

does not seem to have been impacted to the same extent.

Canabis is the most commonly abused recreational drug amongst young adults aged 12 and over,
according to a national health survey conducted by the U.S Goverritn&mnilary, UK authorities

have stated that 29% of people aged-3% have used the drug during their lifetifieln 2013 over

670,000 seizures of cannabis/cannabis products were repérigith approximately 360 tonnes of
cannabis (plantgesin and herbal cannabis) being seized in the UK in®2B%6uch, it is not surprising

that the synthetic cannabinoids kia amassed so much populafitgonstitute the greatest number

of new NPS entering the market over the last twelve yeard, @mprise a significant proportion of

those NPS most recently seized (2.5 tonnes in 2015) . Synthetic Cannabinoid Receptor Agonists (SCRA)
interact with the CB1 and CB2 cannabinoid receptors and elicit psychoactive effects designed to mimic

the effect of THC, which is the primary psychoactive component of cannabis.

A report that has recently been published by the EMCDDA stated that there are currently 179 synthetic
cannabinoids being monitored by the EU early warning sy&tefime increasén the use of SC is
thought to be due to the ease of access, affordability, a more potent cannabis like psychoactive effect
and the difficulty associated with detection of the compounds in urine sarfipléss likely that there

will continue to be a substantial increase in this category of NPS, as recerdsahiicle shown that

both cannabis and synthetic cannabinoids continue to be the most popularly abused recreational
drugs®283 Again, the relatively mainstream nature of cannabis, lulls users of the synthetic
cannabinoids into a false sense of security regarding the harmful nature of these compounds. Figure
1.6 highlights the increase in the number of SC poisonings in $hevidr a fouyear period (2011

2015), and compares this to the trend in reported poisonings from other NPS and traditional drugs of

abuse, reiterating that abuse of SC is a genuine global public health risk.
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1.4.1 Rise of Spice in UK prisons

In 2008 the EMCDDA first detected a new NPS called?Spimemmonly sold as an alhtural smokable
herbal mixture that was being advertised as a marijuana substftuBpice is also sold under brand
names such as R&and Black MamiFd often containing one ,or a mixture of synthetic cannabinoids,
YAYAO1l Ay 3 (°*RHEC. & dolraoily det€ctegh constituents of Spicaidiecbut are not
limited to JWH018, JWKD73, HU210 and CR7,497°, see figure 1.7 for chemicsiructures

e

O YD
CO T O

Figure 17: Chemical structures of JIWH.8, JWID73, HU210 and CRA7,497

o. M

There has been arise in the use of Spice in UK prisons and a move away from using trealitiaizs
products. It is commonly thought that this trend is due to a number of factors including SC being
substituted for, e.g. marijuana, to facilitate the avoidance of drug detection, as SC have a much less
detectable smell than traditional cannabis pieects, and do not show up in traditional drug screening
such as urine tests. The compounds also tend to have a higher potency thanbatmuat
cannabinoid¥. Staff members within English prisons have claimed that the use of SC is endemic,
causing significant problems for staff and prism¥eand that quantity of SC seized in English and

Welsh prisons is now far greater than cannabis and hé&toirhe farreaching effect of SC is causing
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chaos globally and although there have been attempts by government policies to eradicate NPS the

use of SC ill prevalent.

Trends in the abuse of NPS are continuputianging, and it is therefore imperative that research
communities investigate the compounds that could be exploited as the next generation of NPS by

investigating the mechanisms by which molecules interact with the endocannabinoid system.

1.4.2 Endocanabinoid system (ES)

The endocannabinoid system is highly complex, consisting of endocannabinoids (endogenous
cannabinoids), enzymes associated with the synthesis and degradation of endocannabinoids and two
cannabinoid receptors (CB1 and CBZJhe ES is one of the most important biological systems for
mammals for homeostatic control of mood regulation, response to $aienergy expenditure,
temperature regulation, regulation of the immune system and neurahgnaissioft. The work
presented in this thesis will focus solely on CB1 receptors, however it should be noted that in addition
to CB1 and CB2 two other receptors are known to be implicated in the mediation of endocannabinoids
these include the transient receptor patdal (TRP) and the peroxisome proliferator activated
NB O S LJi 2 N® Thé tanrabin@gi réceptor (CB1 and CB2) arePftein coupled receptors
(GPCR), which primarily couple to G proteins of then@ G classe¥. Under specific conditions CB
receptors have also been known to couple to botha@Gd G G-proteins®. The activation of these
receptors result in inhibition of adenylate cyclase activity causing a cascade of biochemical pathways
being activéed®. The CB2 receptor has an overall sequence identity of 44% @8t the
transmembrane reigiort®) with CB1. Structural similarity between these two receptors means that
cannabinoidike molecules will likely bind to both CB1 and CB2 receptors, albeit with varying affinities,
and as such many research gro¥f#$°*°have searched for CB1 or CB2 selective ligands for different

pharmacological reasons.

1.4.3 CB1 receptors

CB1 receptors are mainly located in the central nervous system and are involved in the psychoactive
S T ¥ S Giétralydrocgnnabinol. They are the most abundant GPCRs in théiHie regions of

the brain that are associated with cognitive function, movement, and sensory functions are known to
contain densely populated regions of CB1 recegforand hence molecules that bind to these
receptors, such as the SC, can have marked effects on these fumdtio2016, the crystal structure

for the CB1 receptor was elucidatédsee Figure 8). The publication of this structure, in therttext

of the work presented in Chapter 5 and 6 has provided reassuring results when compared to results
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obtained from computational models of the receptor, carried out before the experimental structure

was available.

Figure 18: Ribbon diagram depicting the secondary structural elements of tree/ Xrystal structure

of the human CB1 receptor (PDB accession 5TGZ), (image produced® MOE

1.4.4 CB2 receptors

CB2 receptors around in peripheral tissues and are implicated in the immune sy%tetney are

highly expressed in primary immune cells (leukocytes, macrophages, neutrophils and both B and T
lymphocyte$?). Due to the location and expression of CB2 receptors, drug discpuascts based

on this receptorfocus mainly on inflammation and pain treatmé&tHowever due to the structural
similarity between the two cannabinoid receptors, attempts irdfing novel drugs that can treat a

wide range of diseases without the psychoactive side effects have proved chalf@nging

1.4.5 Endocannabinoids

LY wmdcn (§KS OK SHNNO(Figure i dysdiehidiciNdSand2identiffed as the main
psychoactive constituent of marijuaffa This gave rise to the research into the numerous different

compounds present in a cannabis plant audbsequently led to the discovery of endocannabinoids.
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Endogenous cannabinoid ligandgndocannabinoids) are a family of intercellular signalling
molecules®. In 1992, the first endogenous cannabinoid anandamide (AEA, Figure 1.8) was discovered.
Thiscompounds & &aK2gy (2 KI @S Sl d2ATAC 4t the/GB1 r@cepfoR vhyicE | OG A
inspired research into a selective CB2 ligdhd he endognous agonist 2rachidonyl glycerol (AG,

Figure 1.8) was sought out as CB2 specific. However, it was found that this particular molecule had
similar binding affinities at both CB1 and CB2, again equivalent t§?THierefore, it is clear to see

that scientists have previously carried out studies into identifying new chemical compounds with the
potential to bind to the CB receptors, for ttageutic benefits. One tool that could be exploited by the

research communities to facilitate their efforts is compugeded drugdesign.

1.5 Computer Aided Drug Design (CADD)

The last five decades has seen the implementation of CADD in the pharmacedicsries going
from strength to strength and it has played an important role in the discovery of novel, therapeutically
active molecules. Two common approaches to CADD are strdoaised drug design (SBDD) and

ligandbased drug design (LBDD), Figud®summarises typical methodologies employed in CADD.
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Figure 1. 10: A typical workflow employed in CADD pipeline adapted from SliwosKkf&t al

A number of structurédased, and ligantdased CADD methodologies used in this thesis will be briefly

introduced below.

1.5.1 Molecular Docking

Molecular docking uses computational representations of the protein and small molecule drug
candidate structures to investigate how these small molecules may interact in the binding site of a
target protein. The tw key aspects of docking are the placement of a ligand within a binding site and

a scoring or evaluation step in terms of the overall prof@and complex.

This process requires accurate information regarding the size, shape and composition of thg bindin
sites of the receptors being investigated, and as such relies heavily on the availability-qti&iigh
experimental structures of the receptors of interest. These structures are most commonly elucidated
via means of Xay crystallography or solutiorualear magnetic resonance (NMR) imaging. Molecular
docking studies using higfuality crystal structures provide valuable information regarding protein

ligand interactions and have been commonly employed in CADD.

Molecular docking uses an algorithm to o protein ligand (f2) complex, and the reliability of a
docking algorithm lies in its ability to predict valid Romplexes. Firstly, the search algorithm needs
to comprehensively evaluate the potential energy landscape to establish the lowest energy
conformation between both protein and ligaftt and secondly the scoring function needs to

accurately distinguish likely proteligand conformations from those that are unlikely
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In this context, scoring functions are a set of mathematical models used to predict the binding affinity
of a small molecule whin an active site of a protei?f and commonly estimate the energies
associated with proteiligand bindig. An ideal scoring function would be able to predict absolute
binding affinities and be able to appropriately rank differefit Bonformations in order of binding free
energy value$® However, this is not currently achievable with thstate-of-the-art algorithms
available. This is because scoring functions are calculated using approximations of thelgatein
bindingprocess and, as such, there are some associated limitatfodsfundamental limitation of a
scoring function is the azuracy and availability of experimental data. Many scoring functions are
calibrated on known and experimentally derived protégand complexes and common-LP
interactions. As it is not possible to account for all knownddnformations in the developmeof a
scoring function, there are inherent limitations of the functions ability to accurately predict the
binding of chemical structures that have not been used in its development and testing. However, the
accuracy of a scoring functions to rank molestiteorder of their known binding affinities has shown

to be improved if the study utilises a consensus m#ddhis method used a combination of scoring
functiong?’, in an effort to overcome inherent bias and/or limitations in a single model. This consensus

scoring methodology haslen employed in Chapter 3 of the thesis.

1.5.1.1 Experimental Receptor Structures

Numerous experimentally derived structures are available via publicly accessible repositories, such as
the Protein Data Bank (PDB). At the time of writing , there are 14384@tures available for
download® and as previously mentioned the most common techniques used to elucidate high
resolution experimental structures are-ray crystallography (89.5% of structures in the PDB) and
solution NMR (8.5% of structures in the PDB), although no-Né&fiRed structures were investigated

as part of these studies.

One way in whickhe quality of an xaycrystal structure can be assessed is by looking at its resolution
(usually measured in A). Crystal resolution is a measure of the level of detail that can be accurately
ascertained from the diffraction pattern obtained from the crystallographic experimgné. lower

the number, the more detail in the structure can be resolved. A high resolution structure (of 1 A or
less) is detailed enough to show the presence of each atom in the electron densityf,nbap such

levels of precision are difficult to achieve, and it is possible to garner useful information about ligand
protein interactions fromower resolution structures. A common threshold that has been used for the
development of docking algorithms and scoring functions is structures with resolution values of 2.5A

or lower.
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1.5.1.2 Homology models

It is not trivial to obtain experimental receptor structures for all receptors of interest, especially those
receptors thatare membrane bound. Therefore, in the absence of available experimedtilyed
structures, homology models of these proteins are often substituted for experimental structures in

molecular docking studies.

A homology model is constructed by taking thkn amino acid sequence of a protein and aligning
the sequence to an experimentally derived 3D structure of a similar protein. This is called the
template, and the homology model is referred to as the target. Homology models that have been

refined and cagfully validated can have a wide range of applications in drug discd¥ery

Online homology model libraries (e.yvVE&8SMODEL!*and Protein Model Port&P) contain a number

of freely accessible models that can be used in docking experiments, and these repositories were
utilised during these studies. However, although homology modelsiseful tools in CADD they must

be used with care as, with all models, they are interpreted and not derived directly from empirical
evidenceand therefore may be subject to errors. For example, an error in the sequence alignment
used to generate a homadly model, can result in changes to the putative binding site for a modelled
protein, and give misleading information when attempting to understand how small molecules may

bind to that proteirt*3.

Given that protein structure is crucial for itgnction, and therefore the basic sequence alignment
must be correct in order to produce a valid homology modelis important to identify any
shortcoming in homology models prior to using them in experiments. Assessing model quality should
be conductedising a variety of independent and coraplentary techniques that examine the overall
quality of the protein fold from a number of perspectives. Examples of protein validation
methodologies that were used as part of this thesis are Ramachandrart'Pletkich assess the
quality of the overall fold of a protein, Verify 3®which looks at the quality of the immediate
environment an amino acid residue resides in, and Efrathich examines nobonded distances
between pairs of atoms which gives an indication of the electronic quality of the protein (See Chapter
2 for details on how each of these neidologies works). All these protein validation programmes are
available via fre¢o-use online servers which can result in a esi$¢éctive way to ensure the quality

of homology models prior to embarking on docking studies.

1.5.2 Quantitative structureadivity relationships (QSAR)

In the absence of either experimentally derived structureshigh-quality homology models, the

research scientist can turn to ligaitdsed drug design (LBDD). For example, the use of Quantitative
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StructureActivity Relationsii (QSAR) models to rationalize the differences between experimentally
measured biological activities for a series of analogues as a function of their differing physicochemical
properties was first conceptualized by Corwin Hansch in 1962 and since thbadrawidely used in
industry and academt®¥. QSAR has beersed in this thesis to try and understand what drives
selectivity between the MAT isoforms, DAT, NET and SERT (Chapter 4).

QSAR is a statistical method of correlating the biological response (quantitative) of a series of
analogue molecules to their phgschemical properties via a set of molecular descripférs
Typically, QSAR studies start with a database of biologically active compounds with erfdhlyme
measure biological activities. These compounds are divided into a training set (typically 80% of
compounds) which are used to build the model, and a test set (20% of total compounds) which are

used to assess the generalizability of the model geretdly the training set.

A series of molecular descriptors that capture the pbysiiemical properties of the compounds in
the dataset such as their steric, electronic and lipophilic characteristics, are calculated, and then using
techniques such as multip linear regression (MLR) the descriptors that are responsible for

explaining the variation in biological activity are identified.

Hence, a simple equation is generated basedhe relationship between the descriptors identified

as important. This equation is then usedpredict the activity of the compounds in the test set. The
QSAR model is assessed according to the correlation between predicted and experimentally derived
activity value¥°for the test and training sets, where a correlation coefficient of 1 indicates a perfect

fit between experimental and predicted results.

1.5.3 Pharmacophores

Accordingto the IUPARSFAYAGA2Y | LIKFNXIFO2LK2NE OFly 6S RST
electronic features that is necessary to ensure the optimal supramolecular interaction with a specific
0A2t23A0LEf GFNBSGO |yR G2 ONRX Bm®NdopbenNddediigea®| 0 A (&
either be structurebased whereby the target (active site of a protein) asalysedso that
complementary chemical features (between ligand and complex) can be identified or {zpesedt

which identifies common chemical features from a set of 3D ligands that are deemed important for
biological activity?X. Pharmacophores have proven to be exceptionally useful for efficient virtual
screening of large chemical databases. Chapter 5 focuses on the development of phdromracop

models which were used to search the ZINC database which contains over 17 million chemical
structures?2 The aim of this study was to identify a library of chemically dissimilar, wholly novel

compounds that displayed theotential to interact with the CB1 receptor.
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1.5.4 Virtual screening and High Throughput Screening

Virtual screening is widely used in drug discovery, whereby large, virtual libraries of compounds are
systematically and quickly assessed against a predétehcriterion, such as the degree of fit to a
pharmacophore as described above without the need to purchase or synthesize the comj3élihds

aim of virtual screening is in identifying novel compounds that are likely to bind to a specific drug
target. Virtual screening is an alternative to Hiblhoughput screening (HTS), especiallyinjects

where resources are limited. HTS is a technigue that expeitatig assesses the biologicadtivity of

up-to millions of compounds by conducting automated individual biochemical aé$akisis method

is highly sophisticated and well establisk&dand commonly employed after molecular docking
,pharmacophore and virtual screening development studies. Highughput can often be expensive

and time consuming® 82 G KS 02y OSLII 2 the nio§ KdSaNDaEhpoudAi© d A y 3 €
sophisticated way of producing a library of the most suitable candidates possible that can be taken

forward for biological evaluation.

The research presented in this thesis has used virtual screening in conjunction with pharmacophores
to search aiverse library of commercially available compounds, with the additional step of filtering

virtual hits resulting in a library of optimized compounds (Chapter 5).

Having identified those compounds which are predicted to bind to the receptor of choié, it
important to conduct experimental biological evaluations as the final measure of the predictive ability

of these models.

1.6 Biological Evaluation

When a novel compound with a predicted potential to bind is identified the next stage in the drug
discovey pipeline is the evaluation of biological activity, this is conducted by the use of biological
assay. Commonly employed assays incléectional assays which assed® inhibition of a
substrate® uptaké?®andis an example of functional assaydiligand binding assayexample of a
binding assayhich use a radioactively labelled molecules whiah be used to measure the rate of

binding and binding affinify®.

There is a lack opharmacological data associated with NPS in geh€tdl and developing
pharmacological profiles on NPS can be useful in generating vitaniaion with the public health
risks this class of drugs pd&eThere are a wide range of receptors involved in forming interactions
with NPS, these include, monoameitransporters, Cannabinoid 1 and 2 receptors, GABA and opioid
receptors?®. As more pharmacolazal data becomes available, the mechanisms of action associated

with NPS are being better understood and the toxicoléggnd epidemiology of addictid? can be
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treated more effectively. Functional assays were used here to investigate the binding @il virtu
screening hits to the CB1 receptor (Chapter@Gmmonly employed pharmacological tegtat are
routinely used to evaluate biological evaluation of cannabinoids indludéro competitive binding
affinity studies. This method uses radiolabelled cdinaid molecules which are used to identify
binding affinity (K at the CB receptotd Other methods include the use of behavioural studies
whereby Tetrad tests are used to investigtie effect cannabinoids have on locomotive suppression,
hypothermia, analgesia and catalep’syOrgan bath studies are also used to identify the effect of

cannabinoids orisolated segments on smooth muscle tisie

1.6.1 Aims

There has been a massive expansion in the humber and type of novel NPS that have been report in
the past decade, although much research has gone intcstigaging already established NPS there is

a gap in the market for methodologies in identifying novel NPS that have yet to be exploited.

A number of NPS are known to mimic the effect of known illicit drugs (cocaine and amphetamines)
and the mechanism ofation of these drugs has been well documented in the literature, thereifore
Silicotechniques can be applied to gain a better understanding of how NPS are acting within known

receptors.
Therefore the broad aims of the research laid out in this thest®is

1 Establish ifn Silicomethodologies can be used to identify what plegsihemical properties

are required to convey selectivity for one receptor over another for NPS.

As stated by the literature there is a large degree of promiscuity of NPSNMWH, identifying
structural differences between NPS may provide insight into why. The use of molecular modelling and
homology models will provide insight into how reliable this methodology is terms of replicating the
available biological data. The data alted from docking studies will hopefully explain what gives rise

to selectivity and differences in the affinity of small molecules between DAT, NET and SERT.

9 Build predictive models that can be applied to a range of molecules that could potentially elicit

psychoactivity.

The development of predictive models to determine a molecules ability to interact with one or more

of the MAT is a methodology that can be applied to large virtual libraries. The identification of
potential psychoactive chemicals may pravseful in determining which direction the NPS market
could take. The number of NPS has increased rapidly over the last decade, the diversity of chemicals

that have already been exploited as NPS is staggering. Identification of potentially psychoaaive nov
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scaffolds or novel chemical structures, apra-emptive measure could be used to advise early
warning systems already in place. The information obtained from newly identified chemicals could be

used to guide research into the mechanism of action of diRfolecules that elicit psychoactivity.
1 Identify at least one novel chemical scaffold that will interact with the CB1 receptor.

Synthetic cannabinoids are currently the most abundant NPS that have been reported, the aim of
identifying novel SGke molecules will provide information on chemical structures that have not been
exploited as cannabinoids. The biological evaluation conducted on the novel virtual hits identified can
provide information on the mechanism of action of SC. The molecules evaludtdx wlesigned to

be as structurally distinct from known SC, this will establish new chemical scaffolds that interact with
the CB1 receptor. Any molecules found to demonstrate an affinity for the CB1 receptor can be further
investigated to highlight pharactological properties that are associated with SC.adidlition,
identifying previously unseen potential psychoactive chemical entities can be used to provide law
enforcement and global organizations such as the EMGIDIRArly warning system of potentiatuag

structures that could be used to elicit psychoactivity.
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Chapter 2

In SilicoMethodologies
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This chapter will focus on providing an overview of the different computational techniques employed

throughout this thesis. Aummary of the methodologies used is presented in Figure 2.1

2.1 Homology models

2.6 Virtual Screen , (Chapter 3) [ 2.2 Scoring Functions
Model eva!uation (RAMPAGE, (Chapter 3)
\ Verify3D, Errat) London DG

{Chapter 5)

Medoids
\ Zinc Database I GBVI/WSAdG
' Pharmacophore model search ASE
Affinity dG
in sifico methods used Ballaxy MM
2.5 Pharmacophores 2 |nvest|g.ate e et Ballaxy PB
generation of NPS Ballaxy PLP

{Chapter 5)

i . GoldScore
Clustering \ ChemScore
\ Model validation

2.4 QSAR 2.3 Docking

(Chapter 4) {Chapter 3)
Diverse subset selection MOE
Malecular Descriptors Gold

Figure 21: An overview of the methodologies employed in th&ilicostudies presented in this thesis.

2.1 Homology Models: Evaluation

The use of homologynodels is common practice in the absence of an available experimentally
determined structure. Quality assessment of these models is a very important step in ensuring the
reliability of model before they are used to test hypotheses. A number of complimenyet

independent techniques were used in this thesis to assess the quality of homology models.

2.1.1 Ramachandran Plot (RAMPAGE, Chapter 3)

Evaluation of the stereochemical quality of the polypeptide backbone was carried out using a
Ramachandran plot obtned from Rampad#é® (see Figure 2.2Residues are placed into allowed and
disallowed regions on the Ramachandran plot, based on the dihedral angles within the peptide bonds

of the simulated structureThe torsion angles around the bonds betweest NRSy 2 G SR o6& . 0O
YR GKS 02y-RQoBSy88BR/ e . o6taAird | NBE NBalLRyaaot
LINEGSAY G2 FR2LJG AdGa OKFNIYOGSNRARAGAO aSO2YyRINE
OhYS3lL 0 | yR | OOdrdbyhichiis fi%e2 t9J180 de§rees due to the partial double bond
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character of the peptide bond. This plot allows for easy visual representation of the distribution of

amino acid residues in a protein structure according to where you would expect to find thlegesi
GdheeryOAtodadl Be tréated Ssdsimple irkpSrietiaklesS &

spheres with dimensions corresponding to theam der Waalsadii. Therefore, phi and psi angles

GAGKAY |

which cause spheres to collide correspond to stecdiballowed conformations of the polypeptide

1802 yRI NB

2 N

backbone Proteinmodels that have 90% or more residues in the allowed region are largely accepted

as being reliable modéfs.
180

1354},
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Figure 2.2: A Ramachandran plot for the homology model for DAT (accession code GH)959
Ramachandran analysis plots the torsional anffiescaxis an® , y-axis)of all the residues. The plot

. KA KBS NHKIZ-helices

Phi (degrees)

is split into areas according to secondary structure (regions &bell

F2NJ °

and L/l for left handed helices). The conformations of residues are categorised into four groups: most

favoured (which are found in the red sections), allowed residues (plotted in the yellow sections of the

graph) addionally allowed conformations (cream) and disallowed conformations found in the white

sections of the graph.

2.1.2 Verify3D (Chapter 3)

Verify3D¥S & (i 0t A 8KS &

68 aaArdyAy3

iKS

G§KS O2YLJ) GAOAf AGER

I YAY 2

I OAR

2F |

LIN2 G SAYyQ
0 2KBf DengersThased NP (G SA Y

its environment and the surrounding residues. Verify3D works by reducing the 3D environment of
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each individual residue to one dimension and assigningvamnage score derived from a-2dsidue

sliding window based on solvent accessibility, the polarizability of the residues and the preference for
protein secondary structure. Amino acid residue type (polar-polar, hydrophobic etc.) are giving a

score vith respect to solvent accessibility e.g. polar residues will be assigned a large positive score if
they are solvent exposed. However, if this same type of residue is found to be buried in a deep
hydrophobic pocket the residue will be assigned a large thegacore. It is the sum of the scores for

each of the residues that describes the overall quality of the protein. Regions of poor model quality
will have a score less than 0.2. Using data for the comparison of 1D and 3D structures Verify 3D is able
to give information about the quality of the overall model at the residue level. Figure 2.3 is an example
of a Verify3D plot for the NET homology model (accession code P23975) the open source software

StructureAnalysis an&/erificationServer(SAVES) metaservehttp://nihserver.mbi.ucla.edu/SAVS/

) was used in order to produce Verify'3tplots.

erify3D: NETpdb
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Figure 2.3: Verify 3D plot for the Net homology model (accession code P25397%he blue dots
denote the average score for each amino acid residue, a value of 0.2 or greater indicates the residue

is in a favourable amino acid environment.

2.1.3 Errat (Chapter 3)

ERRA®is a program that uses error was in the distances between pairs of Abonded atoms as

an indication of model quality. It assesses the distribution of different types of atoms with respect to
one another in the protein models, after having categorised them as either C, O or N ami fimirsg

six possible pairwise interactions (CC, CO, CN, OO, ON, NN). Statistical analysis cbdmelewbn
atom-atom interactions is plotted on a graph that highlights residues that can be rejected (i.e. those
that have not adopted an expected confornt) at the 95% and the 99% confidence levels. ERRAT
is the most sensitive method of protein model validation in comparison to the Ramachandran plot,
which is a more coarse grained approach examining overall fold and Véfify@hich focuses on

assessing the quality of amino acid environment. In cowatiion all three provide a powerful way of
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identifying likely areas of protein misfolding in homology models. Figure 2.4 is the Errat plot output

for the SERT homology model (accession code P3#552

w
@©
Ed

=}
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ES

Error value*

Residue # (window center)

Figure 24: Errat plot obtained for the SERT homology model (accession code PBLESRRAT plots
assess the distribution of different atom types. Values are plotted as a function of the position of a
sliding 9residue window. The 95% and 99% error lines on the graph show at what confidence level

the residues can be rejected for not hiag the correct distribution between atom types.
2.2 Scoring Functions (Chapter 3)

Scoring functions are used to evaluate protiégand interactions and are typically classified into three

categories; forcdield-based, empirical and knowleddmsed*.

Forcefield based scoring functions are based on physical atomic interattlomsd attempt to
calculate the atomic interaction energies of a protégand inteaction. A forcefield scoring function

is calculated using both experimental data aixinitio quantum mechanical calculatiot?&

Empirical scoring functions use weighted energy terms to estimate the binding affinity of a protein
ligand complex, the energy terms considered for this scoring function are VDW energy, electrostatics,

hydrogen bonds, desolvation, entropy ahgdrophobicity%.

Conversely, knowledge based scorning functions are derived from crystal structures and are calculated

by taking the sum of pairwise statistical potentials between protein and lijand

The utilisation and success of each category of scoring function in docking studi¢siendesbased
drug design is well establish®el What follows is a closer examination of the scoring fioms that

were used as part of the studies that comprise this thesis.
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2.2.1 London dG (Chapteréhd Chapter %

The London d®8is an empirical scoring function, which estimates the free energy of binding of the
ligand from a given pose. The functional form of the scoring function is a sum of terms as described in

Equation 2.1 and Table 2.1:

AG =c + Eg, + > cHBfHB + > cMfM + 3 ADi

h-bonds m-lig atomsi

Equation 2.10ne of the two equations used in the calculation of Longdo®coring®.

Table 21: The composite terms used to calculate the overall London dG scoring function values.

Subscript Description

C the average change of rotational and translational entropy
Briex energy loss of ligand flexibility

HB measure of geometric imperfections of hydrogen bonds
‘HB energy of an ideal hydrogen bond

M measure of geometricnperfection of metal ligations

‘™ energy of an ideal metal ligation

D, the desolvation energy of an atom

The difference in desolvation energigd), (Equation 2.2) is calculated according to the following

formula, the terms of which are explained in Table 2.2.

NDI=GR39 k w| Rdp-k & Uk Salu}
dzd ! dz. dzd .

Equation 2.2the equation used to calculate the difference in desolvation energies for the London dG

scoring functioff.
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Table 22: The terms used to calculate the difference in desolvation gierwhich is used to calculate

the London dG scoring function.

Subscript Description
A B protein and or ligand volumes wittbelonging to volume B
R is the solvation radius of the atorh (taken as the OPL8A VDW sigm:

parameter plus 0.5 A)
G is the desolvation coefficient of atom

u is an energy term relating to the desolvation energy of the atom

HOPHDPH D. *Lk2{! pD 6/ KFLWGSNIo FYR /KFLIWISNI po

The GBVI/WSA ¥ (Equation 2.3) is a forefield-based scoring function, which estimates the free
energy of binding of the ligand from a given pose. It has been trained using the MMFF94x and
AMBER99 forcéield on the 99 proteidigand complexesf the SIE training s&¢. The functional form

is a sum of terms:

NG=c+"w NBou+ Neaw+1  Shueighted

z A

9ljdzt GA2Yy HdoY ¢KS Sldzt GA2Yy d&@SR Ay GKS OFf OdA I

this equation are defined in Table 2.3.

Table 23: the terms used to calculate th@BVI/WSA Bscoring function (see equation 2°8)

Subscript Description

(o Representshe average gain/loss of rotational and translational entropy.

h,i Are constants which were determined during training (along weitind, are forcdfield
dependent). If not using an AMBERce-field, the parameters will be set by default 1
the MMFF trained parameters.

Ecoul Isthe coulombic electrostatic term which is calculated using currently loaded cha
using a constant dielectric 6&1.

Esol Isthe solvation electrostatic term which is calculated using the GB/VI solvation mi

Baw Isthe van der Waalsontribution to binding.

SAeigned  ISthe surface area, weighted by exposure. This weighting scheme penalizes e»

surface area.
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2.2.3 ASE (Alpha Spheres and Excluded Volume, Chapter 3)

The Alpha Spheres and Excluded Volume (ASE) scoring fiffi¢ti@nknowledgéased, shapdased

A02NAY 3 FdzyOliA2y GKSNBE GKS &02 NBRRe®?oveLaNBadd NI A 2 y |
atomgreceptor atom pairs and ligand atajalpha sphere pairdz andR are the radii dthe atoms in

A, or arel.85 Afor alpha sphereg] is the distance between the pair in A. The proportionality constant

has a default value @.035 kcal/mol¢ @

2.2.4 Affinityp B? (Chapter 3)

This knowledgdased scoring function estimates the enthalpic contribution to the free energy of

binding using a linear function (Equatiam):

n D hE'étlb+ iondont miiganligt nhhaht hpdpt aada

Equation 2.4: The equation used in the calculation of Affimif§coring®.

Where thedterms fractionally count atomic contacts of specific types and thare coefficients that

weight the term contributions to the affinity estimate (Table 2.4).

Table 24: A table of the terms used to calculate tAffinity n Bscoring function (see equation 2.4).

Subscript Description

hb Interactions between hydrogen bond donracceptor pairs. An optimistic vie
is taken; for example, two hydroxyl groups are assumed to interact in the |
favourable way.

ion lonic interactions. A Coulordike term is used to evaluate thimteractions
between charged groups. This can contribute to or detract from binding affi

mlig Metal ligation. Interactions between nitrogen/Sulphur and transition metals
assumed to be metal ligation interactions.

hh Hydrophobic interactions, forexample, between alkane carbons. The
interactions are generally favourable.

hp Interactions between hydrophobic and polar atoms. These interactions
generally unfavourable.

aa An interaction between any two atoms. This interaction is weak and gdiiie

favourable.
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2.2.5 BALLax§* (Chapter 3)

Biochemical Algorithms Libra(BALL) is an opeaccess software that provides a service for rescoring
docking conformation generated using other software, using three different scoring functions. The
first scoring function used is MKP, an AMBEMRased (Assisted Model Building with Energy

Refinement) scoring function which is of the molecular mechanics type (Equation 2.5).

Eainding: Eomplexc (Ereceptor+ Egand)

Equation 2.5: the equain used to calculate values for the BALLaxy MM scoring functiaimgs the
calculated binding energy of a protéigand interaction devised from the energy terms associated
with the proteinligand complex @&Gmpey, the energy term associated wittme protein/receptor

(Becepto) @nd the energy term associated with the liganga(g.

The MM score estimates the binding energy of a prof@jand interaction by optimising the atom
based relationships via the amber forfield. Energy values arelcalated for the following

1. Atom types

2. Bond and angle parameters

3. Dihedral parameters

4. van der Waal parameters

5. Electrostatic energies

The second scoring function in BALLaxy is PB which is a PB@sonann scoring function, i.e.

another molecular mechanidsased model. This scoring function estimates the free energy binding

nD dzaAy3a GKS F2ff 2¢A.yFar ey pabteiiiadd/ condp@exj trk ligdnB 6 H dc O
subjected to up to 1000 steps of Cartesian coordinates minimization within the fixedpsettacture

using the Szybki minimizer and the MMFF94s force'ffeld
NBd v +pO -TPYY  -TRY
9ljdz- A2y H®c repeseNSthe ®disseBoltzmann electrostatics calculated by Z@aP

multilevel, multigrid solveff’ (OpenEye, Santa Fe, NM, 2006) with Bond rpdi. is thevan der

Waalsenergy“®.
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mnY is calculated using Equation 2.7 and the temperatdependent change in entropy due to
the rotatable bonds in the complex becoming fixepgon complexation of the protein and ligand

Tn"Y s calculated using Equation '8

myY = (surface area buried upon complex formation) x 0.006 kcal/rhol A

Equation 2.7 where the surface area term is computed with ZAP (OpenEye, Santa Fe, NM, 2006). The
coefficient 0.006 kcal/molZaccounts for the partitioning of solute molecules between aqueous and

organic phase<®.

Tn°Y = number of rotatable bonds x 0.7 kcal/mol

Equation 2.8 a rotatable bond penalty term, from the BALLaxy PB scoring function included to account
for the loss of binding energy due to the freezing of the internal degredéseeflom of the ligand,

upon binding to the protein to form a proteiligand compleX®.

The third scoring function used is PLP which uses pair/piece wise linear potentials and is
empirical*8144.149 This scoring function is a pairwise sum over all ligand and protein heavy atoms that
estimates the binding potential of a molecule. The parameters used in the PLP scoring function are
based on four dferent ligand atom types (donor, acceptor, both and nonpolar), which interact via
steric and hydrogen bond potentials with the protein atom t}}3eEach pair of atoms has only one

type of interaction, primary and secondary amines are classed as donors, oxygen and nitrogen atoms
(without hydrogens) are classed as acceptors, OH groups, and water molecules are atabetd

and carbon and nonpol&®. Figure 2.5 illustrates the how the pairwise linear potentials are derived.
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Figure 25: The piecewise linear pairwise potential functions used for the prdtgand interaction
energy and a table to show the parameters of the atomic pairwise préigamd potentials. Values

for A, B, C and D are disices (ind) for two different interaction types (steric and hydrogen bond).
The values foE and F are arbitrary energy units (for both steric and hydrogen bond interactions) and

the letter r denotes interatomic distance. The diagram was adapted fromh@eldt al>°

2.2.6 GoldScore & ChemScore (Chapter 3)

The GoldScore fitness function is the original scoring function provided with*&Cdral is the one
selected by default for GOLD versions 5.0 and earlier. It hasdmienised for the prediction of ligand
binding positions and takes into account factors such #®htling energyvan der Waal€nergy,
metal interaction and ligand torsion strain.
The GoldScore function is made up of four componéats

1. proteinligand hydrogerbond energy

2. protein-ligandvan der Waalgnergy
3. ligand internalvan der Waalgnergy
4

ligand torsional strain energy

The GoldScore fitness score is derived from the following equation

GOLD FitnessShp_extt Syaw_extt Jb_int + Sdw _int
Equation 2.9: the equation used to calculate a GOLD fitnese sereShb_extis the proteinligand
hydrogen bond scoreSydw_extis the proteinligandvan der Waalscore,Shb_int is the contribution

to the fitness due to the intramolecular hydrogen bonds in the ligand@ad intis the contribution

due to the ntramolecular strain in the ligafef.

41



The ChemScore fitness function, which is an alternative scoring function implemented in the GOLD
a2F061 NBX SadAayYlrasSa | GSNXYXT npD GKFG NBLINBaSyida
binding, and wastrained by regression against binding affinity data for 82 compl&ke3he
ChemScore fitness function also incorporates a preligignd atom clash term and an internal energy

term. ChemScore takes account of hydrophefydrophobic contact area, hydrogen bonding, ligand
flexibility and metal interaction. Although partly derived using binding affinity data, ChemScore values
should not be used explicitly as values for binding energy or binding affinity as the data set the scoring
function is based on is limited to 82 complexes and duasaccount for all possible proteiigand

interactions.

The ChemScore function was defined as

KGooLochemscord ~ &BD Mool keb  Ko® K& D
9ljdzr GA2Y H ®mMaisrthefréeSenERyy dhangekoactiond knPis the hydrogen bond
O2y U UNROGdzIA2Y (i Rew |2 YOS NRrd@nietaligany &4 lipapailic kiridling contributions
0 NB a LIS O i A&Saftadnd that pgridlisés Bexibility.

2.3 Docking (Chapter 3 and Chapter 5)

2.3.1 Identification of pwative binding sites in protein models in MOE (Chapter 3 and
Chapter 5)

MOE's Site Finder uses the relative positions and accessibility of the receptor atoms to identify
potential binding sites (areas of accessible tightly packed atomic regions with rhisoheent
exposure). This is done by identifying hydrophilic or hydrophobic alpha spheres using two different
probe radii: probe radius 1 is the radius of a hypothetical hydrophilic hydrogen bonding atom and
probe radius 2 is the radius of a hypotheticgtilophobic atom. Individual alpha spheres are collected

into separate sites by a doublimkage clustering algorithm.

2.3.2 Docking using MOE (Chapter 3 and Chapter 5)

Figure 2.6 is an overview of the docking methodology, for MOE, employed in both CBagtelr
Chapter 5.
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)
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Figure 26: an overview of the stages of a docking study adapted from ®10E
The MOE docking methodology employed in Chapter 3 and chapter 5 uses the following steps;

Placement- the placement stage of a docking study is conducted using the triangle matcher
application, poses are generated by aligning ligand triplets of atoms on triplets of alpha spligues.

2.7 illustrates the triangle placement method. Each of the generated poses is then assigned a score.

Figure 27: lllustration of how the triangle placement method works. A triangle is formed based on a

triplet of atoms within a ligand (represented by the blue circles), the triangle is then placed into the
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binding site (illustrated by the yellow boundary), when the triangle matches with a triplet of atoms

formed by the residues in the binding site (orange circles)ckeld posed is established.

Initial Scoring poses generated by the placement methodology can be rescored using one of the
available methods. Typically, scoring functions emphasize favourable hydrophobic, ionic and

hydrogen bond contacts.

Refinement- poses resulting from the placement stage can be refined using either the explicit
molecular mechanics forefield method (eleven forcéield parameters are available in MOE) or a

grid-based energetics method.

Final Scoringthe final poses can be rescorednggione of scoring schemes available in MOE.

2.3.3 Docking using Genetic Optimisation for Ligand Docking (GOLD) (Chapter 3)

GOLD uses a genetic algorithm (GA) to generate docked pileird conformations. This type of
algorithm uses the principles of tdmical evolution to discover optimal solutions to problems

associated with molecular modelling and dockig
Identification ofdocked poses is carried out in five main steps:

The process begins with the development of a population, in the case of docking each docked pose is
considered an individual and this particular pose (individual) isacierised by a set of variables

termeR ¢3Sy Saé 6KAOK I NB dzaSR (2 F2N¥ | GOKNRY2&az2Y

A fitness function is then assigned to each individual, the function equates to how well the individual

competes with others in the population.

Based on the fitness function, the best individuals (dockeskpare selected to pass on their genes

to the next generation of docked poses.
The fitness function is evaluated in six stages

1. Conformation of both ligand and binding site is generated

2. Least square fitting procedure

3. A hydrogerbonding energy term igvaluated for the complex. This is the sum of individual bond
energies for all ligand and protein donor hydrogen and acceptor atoms across the entire complex.

4. A pairwise steric interaction energy for all of the protein ligand atoms is calculated using a

softened 48 Lennard Jones Potential (Equation 2.10)
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E= A/I’ij8 - B/I’ij4

Equation 2.11: 4@ Lennard Jones Potential, whergEhe interaction energy between the atom pair,

and r is the distance between the atoms. Adjustments are made for atoms invimhadhydrogen

bond (E = O, r is scaled by a factor of 1.43), and all pairwise interactions across the complex are
ddzYYSR (2 3AGS |y 20SNIft wO2VYLX SE SySNHe Qo

5. Avalue for the internal energy of the ligand in the ligand receptor complex is then calcusated

a 6-12 Lennardlones potential (Equation 2.11) and the Tripos fdiekl torsional (Equation 2.12).
Ej = C/Ifjlz- D/I‘ij6

Equation 2.12: 42 Lenard Jones potential equation, whetgsihe interaction energy between the
atom pair and r is the diance between atoms. C and D represent constants dependent upon the

identities of the atoms involved.
Biki = 1/2 M [1 + (Ri/|N ijil)-cOS(Nixi®P ki) ]

Equation 2.13: Tripos foreeeld torsional, where [ is the torsional energy associated witbur
O2yaSOdzia@dSte o062yRSR lidi2Yax . Aa GKS G2NBA2YL
rotation.

6. The three calculated energy terniEquations 2.10, 2.11 and 2)12re added together to give an

overall fitness

Apair of parentindividuals N5 YIF G§SR FyR I ONRaaz2@SNILR2AyG Aa OK

are created from the parent poses.

Mutation is introduced to certain new offspring as a way of maintaining diversity within the
population.Finally when the genetic algorithm can rlonger produce offspring that are significantly
different to the established population a termination step is introduced, and the docked pose is

returned

HPodn {LISENXIYQa wly]l o6/ KIFLGESNI o0

{LISENXYIFYQa NIXyl 6 0 Aa | &adl élaiénioatieert twoYiéhked 2 R S Y|
datasets (see Equation 2%3 and is used in this thesis to compare the rankings of conformations
generated for a dataset of small molecules in different docking experiments, to theivety ranked,

experimentally determined biological activities against a given receptor.
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difference between the ranked values across the 2 ranked datasets agresents the number of

individual members of the dataset.

2.4 QSAR (Chapter 4)

2.4.1 ldentification of Diverse subsets

In order to identify diverse subsets to exploit in the building and testing of QSAR models, the diverse
subset algorithm in MOE was used. The MOE Diverse Subset application assigns a diversity ranking
order to all enties in a database. Thé¢reference set entries (molecules included in the database) are

all given a rank of 1. The diverse subset entries are given ranks 2 (highest raviklLjpWhereM is

the number of diverse entries to be ranked.

Hence, the diversesubset is selected by choosing entries that are the farthest from bothNhe

reference entries and the currenthanked entries.

The farthest entries were determined using FP:MACCS representations of the molecules (see Section
2.6.3) as a discriminant. Distance was computed using the FP:MACCS calculated from Iboth the
reference entries and the entries that had yet to be ranked. dikierse subsets were then identified

using the following steps;

1. The minimum of its distances between the ranked entries and the reference set are computed
2. The entry with the largest such minimum distance is deemed to be the farthest from the

reference enties.

2.4.2 Similarity coefficients (Chapter 4 and 5)

Similarity coefficients can be calculated, and average coefficients used as a measure of how similar a
molecule is to other molecules in a dataset. Tanimotefficients (I) were calculated using the

following equation (Equation 2.15):

Te= Nab
Na + NJ - Nab
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Equation 2.15: The equation used to calculate/fiere N, is the number of bits on a set in molecule
A, N the number of bits on a set in molecule B angl tie number of lits set on common to both

molecules®®.

2.4.3 Building and evaluating QSAR models (Chapter 4)

A QSAR model is a numerical fotenthat is developed using a predetermined training set and
evaluated for its predictive ability be using a test set of molecules, representative of those in the
training set, but critically which have not been used to derive the QSAR model. The MOE uitgSAR
produces linear regression models, which can be used to predict experimental results and compared
to experimentally derived data. In its simplest form, a linear model specifies the relationship between

a dependent (response) variable Y, and a s@redlictor variables (X).

A correlation coefficient frvalue) between experimentally derived data and predicted values is
generated in addition to a crosalidated correlation coefficient fgvalue) and both are used as
measures of model quality. The pameters of the linear models were determined using the method

of Partial Least Squared (PLS).

2.4.3.1 Partial least squares

Partial least squares is a statistical method used for developing predictive models when there are
many factors involved and thesadtors are highly collinear. Development of QSAR models can include
the use of hundreds of different molecular descriptors and it is the aim of model development to
identify which descriptors are important for predictivity. In PLS, the descriptors arelesdas latent

factors/variables.

The identification of latent variables important for predictivity is achieved by establishing a
relationship between two data sets. Latent variables are chosen in such a way as to provide maximum
correlation with the depndent variable, e.g. biological activity. Figure 2.4 illustrates a hypothetical
data set with two variables (and %) from grapha it can be seen that the variables are highly
collinear. From this, two latent (orthogonal) variables can be appliednft t>) that are a linear
combination of the original variables. This produces a model that relates the activity to the first latent

variable t.
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Figure 2.8: Change of original descriptors to latent variables (a) @nstruction of activity model

containing one PLS factor tb)

2.4.3.2 Leave One Out Cross validation

Leave one out Crosalidation is a procedure by which portions of the training set are systematically

Gt STl 2dzié¢ 2F GKS Y2RSt o0daAf RAY3 FyR adzmaSldsSyi
ability of which are compared to the original. This indwected for each of the variables (data points)

within the training set and the differences in values obtained from each leave one out cross validation

are used to calculate the root mean square of error of cross validation (RMSECV) and the revised

correlaion coefficient. This latter value is often referred to at thevglue'®.,

Cross validation in this manner gives an indication of how sensitive the models are to the training set

used to generate them, and gives an indication via theadue how robust the model is.

48



2.5Pharmacophores (Chapter 5)

2.5.1 Clustering systems

JhemAxon was employed as a clustering method, using the Maximum Common Substructure (MCS)
approach in ChemAxdit. In essence this means that structurally similar molecules are clustered with

one another in a hierarchical manner.

This method treats all moledes as initial separate clusters. All clusters are evaluated for similarity
and molecules that have similarities are then merged to form a second layer of clusters. This process
will be repeated until all clusters that can be merged are. The formingwf ¢clusters causes the
dataset to split into levels forming a Dendrogram (see Figure 2.8). The top level of the dendrogram
contains the smallest common substructure containing at most 9 atoms (as defined by the default
settings). The bottom level contaiadl the individual compounds in the dataset which are referred to

Fa GKS afSIF@gSaéeg 2F (GKS RSYRNRINI YO
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Figure 29: Diagram to illustrate the method of hierarchical clustetifig
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2.5.2 Pharmacophore Model generation and validation (Chapter 5)

2.5.2.1 Flexible ignment

In order to generate a ligaAdased pharmacophore, it is necessary to flexibly align the compounds in
a dataset to one another. The flexible alignment application in MOE produces flexibly aligned motifs
based on a collection of small moleculeack motif is given a score that quantifies the quality of the

alignment in terms of both internal strain and overlap of molecular featifes

Alignment motifs are calculated in MOE using the internal energy of the molecules and Gaussian
feature densities. There are eight Gaussian feature densities used to develop an alignment score.

These are:

Volume
Aromatic
Donor
Acceptor
Hydrophobe
logP

Molar refractivity

© N o o~ 0w NP

Surface exposure
The overlap of these features will contribute to the final alignment score.

Alignments are "sampled" using a RE¥8e (Random Incremental Pulse Search) pracedhat
incorporates the quantitative measure of goodness of an alignment defined above into the

optimization stage. Such a procedure happens via the following three stages:

1. Generationof a conformation for each molecule by randomly rotating bonds and inverting
unconstrained chiral centres followed by performance of a #igidy optimization of the
similarity function.

2. Minimization of the grand alignment score S with respect to the coordmalf all of the
atoms. S is simply a combination of the similarity measure (see above), and the average strain

energy of the molecules (denoted by the symbol U).
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3. If the new configuration has not been seen before (RMSD greater than a predetermined
threshold, up to topological symatry), then a value k is set to otherwide=k + 1. If k is

greater than a predefined threshold amount the searcteiminated.

2.5.3 Enrichment Factors (Chapter 5)

Enrichment factors were calculated as a measunghairmacophore model ability to extract expected
compounds preferentially from a virtual screening experiment. TiheeEe used to investigate how
modified pharmacophore models compared to the initial models generated, and if the models
performed better tha random with regards to extracting the expected molecules from a database. E
were calculated at three different stages of the pharmacophore search, to ascertain how well the

model was able to retrieve selected compounds in the early stages of the phaphhae search.

Enrichment rateg, =

(% of relevant Synthetic Cannabinoigs,+~ % of New Psychoactive Substances datahasg

(Total number of Synthetic Cannabinoids + total number of New Psychoactive Substances)

Equation 2.16 The equatiotf! used to determine the enrichment rate at differestages of the

pharmacophore search, x% is the percentage of the database screened (2, 5 and 10%).

The equation in 2.16 was used to calculat®Ethe first 2, 5 and 10% of database screened.
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2.6 Virtual screening

2.6.1 Virtual screen of databa&susing pharmacophore model (Chapter 5)

The Pharmacophore search application in MOE was used to facilitate a virtual screen. The main

characteristics of a MOE pharmacophore search are described in Table 2.5.

Table 25: Adescription of the characteristic used in the MOE pharmacophore search application

Search Characteristic Description

Boolean Expression assigns features as donor or not cationic using Bool
expressions

Substructure Matching uses SMARTS pattersdearch for functional groups

Volume and Shape Filtering restrictions can be applied to the shape of the matched liganc

Partial Matching pharmacophore query features can be marked as essential
must be matched for a hit to be identified. Other featanmay be
f STOG dzyYIFI GOKSR FyR O2yaiRSN

Group Constraints can be applied to match a group of selected query features
Existing Conformations uses external conformation databases
Systematic Matching All possible matches of a ligasdnformation and the query are

systematically examined

Virtual hit molecules were identified using the default systematic matching setting and the hits were

ranked using RMSDx values (weighted RMSD values plus an applied penalty for each missing feature)

The MOE pharmacophore search compares each molecule conformation from the provided database

to the designated pharmacophore. The algorithm used for generating matches works as follows:

1. A single molecule is screened for matches against the query feafarethe generated
pharmacophore.

2. If the molecule does not satisfy the query features it is not reported as a hit.

3. If the distances between the molecule annotation points do not agree with the distances
between the matched query features (after discountthg radial tolerances), the molecule
is rejected.

4. If the molecule is retained, the molecule annotation points and the matched query features
are superposed against one another using Hgidly superposition. If the molecule features

fail to fall within thespecified tolerance radii of the matched query features, the mapping is
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rejected. During the superposition, the relative weights of the matched query features are
inversely proportional to their radii.

5. If any of the molecule atoms violate any of th@ume restrictions in the query, the molecule
conformation is rejected.

6. LT GKS Y2tS0OdzA S KIa &adz00SaafdzZ te LI aasSR | ff

the designated pharmacophore. All reported hits are compiled into an output dagabas

2.6.2 FP: MACCS structural keys (Chapter 5)

MACCS structural keys were developed for the purpose of assigning numerical representations to label
substructures of molecules (hereafter referred to as keys), and then linearly combining these keys
together to provide an informatiorrich onedimensional representation of a thredimensional
chemical structure. Each key describes a small substructure consisting of approximately one to ten
non-hydrogen atoms. FP:MACCS keys are derived from 166 public MDL MtACI&l key$2 The

166 different descriptive keys used encode for atom types, bond types and aromatic eléthents
Figure 2.9 illustrates how a four number MACCS key is derived for the molecule diazepam, this
highlights how informative a 1D representation of a molecule can be. This simplisficofva
representing 3D information using MACCS keys allows for efficient manipulation of molecular
databases, and is used in this thesis to differentiate between structurally similar and structurally
distinct molecules in the derivation of test and trainisgts for QSAR models, and to ensure that
maximum structural diversity was ensured in the selection of molecules from the virtual screening

experiments
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MACCS key fingerprint calculation
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Figure 210: Diagram to illustrate how a MACCS key fingerprintifazepam is calculatét¥.
2.7Biological screenindChapter 6)

Compounds that have been identified as being potential CB1 agonists were evaluated for their
biological activity. A CAMP assay was carried out to determine the accumulation of CAMP
generated by the selected compounds. This methvas employed ashanges in intracellular

cAMP has been shown to indicate the activation of the CB1 receptor.

The second method employed was the use of an electrical field stimulation (EFS) study. An
organ bath which contained sections (approximatelyriio length) of rat ileum submerged

in Krebs buffer was used to carry out this investigation. Electrical impulses were applied to
the tissue and simultaneously a potential CB1 agonist was added to the organ bath. This study
was used to identify any poteraii activity the compounds of interest had on the contractive

force of the tissue sample. The details of both these studies are discussed in Chapter 6.
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Chapter 3

In Silicoinvestigations into selectivity between the monoamine
transporters (MAT) Dopamine Transporter (DAT), Norepinephrine
Transporter (NET) and Serotonin Transporter (SERT).
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3.1 Introduction

Monoamine transporters (DAT, NET and SERT), are located iplabema membranes of the
monoaminergic neurons. They consist of twelve transmembrane helices and are responsible for the
release or reuptake of the monoamines dopamine (DA), norepinephrine (NE) and serotonin
(SER}35:164186 As monoamines are vital in the role of normal brain function, the regulation of these

chemicals is critically importalit.

New psychoactive substances (NPS) act in a simdaner to known classic illicit substanted his is
due to the structural similarity between NPS and known illegal recreational drugs such as ecstasy,

amphetamines and cocaif&, (see Figure 3.1).

cepalions

Figure 3.1: The chemical structure of MDM@&cstasy) on the left and mephedrone (bath salts or

T
ZT

meow meow) a popular NPS on the right. Highlighted in red are the portiocarbbn skeleton of

the two molecules that are identical.

Due to similarities in chemical structure with known psychoactivegmunds, a large number of NPS
will act on DAT, NET or SERT81%%and in many cases any given NPS will demonstrate affinity, of
different magnitudes, with all three MAF*3%2 |t is well documented that there is a large degree of
ligand promiscuity that occurs between the three MAP27:171j.e. drug molecules that have a high
affinity for one MAT are likely to bind tolahree MAT, and extensive research has been conducted
into trying to develop selective monoamine reuptake inhibitors such as the selective serotonin
reuptake inhibitors (SSRA&)"17x176

In order to understand how these molecules are forming interactions with the transporter proteins,
and hence how differences in affinity for a compound between the MAT isoforms may arise, molecular

docking studies were carried out.

When the present study was initially conducted (in 2015), there were no experimental structures (e.g.
Xray crystal structures) for the human monoamine transporters, and so comparative/homology
models of human DAT, NET and SERT were used. Homology modeldiaetyrased in docking
studies when no experimentally derived structures have been elucidated. Although there are some
limitations to this method, with the use of protein validation techniques, robust results can be

obtained"":178
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Since the initial study was completed in 2015 a number of dDAT crystal structures complexed with a
variety of ligands have been pultied e.g. the model with the PDB accession code 4XP9 which is the
dDAT crystal structure complexed withamphetamine (at 2.8 A¥. In early 2016 the human
serotonin transporter Xay structure comlexed with the antidepressant-@talopram was also
elucidated®. Consequently, complementary molecular docking studies have been carried out on
these emergent experimental structures and results compared to those from the initial homology
modelling studies. The results from the original docking experiments tla® comparison between

these studies, and the experiments carried out on the crystal structures is discussed in detail in this
chapter. Conclusions are drawn as to whether or not it is possible to explain the difference in
experimental affinity between BT, NET and SERT based on an examination of how the protein and

ligands interact with each of the isoforms.

The comparative DAT, NET an SERT models used in the study were derived from the template 4M48
(Drosophila melanogaster dopamine transporter, dDAT) nd accessed from the
proteinmodelportal.org (2015) server. These models were rigorously validated using complementary,
yet independent methodologies prior to docking studies beginning, and deemed viable for use in

molecular docking studies.

As such, theifst aim of this study was to establish if MAT homology models provided a sufficient
representation of the human protein structure in terms of their ability to replicate trends in observed
experimental activities via their docking scores. The second aimtwaxamine whether it was
possible to use molecular docking as a methodology to help explain what gives rise to selectivity
between DAT, NET and SERT. The third aim was to compare results obtained from the MAT homology

to newly available crystal structes.

3.2 Methods

3.2.1 Homology models

Three comparative models of the sodium symporter neurotransmitters (NSS), DAT (accession number
Q01959), NET (accession number P23975) and SERT (accession number P31645) were obtained as

protein database (PDB) file®m www.proteinmodelportal.org

3.2.2 Protein model validations

The DAT, NET and SERT homology models were uploaded to the R@&mpage

(http://mordred.bioc.cam.ac.uk/~rapper/rampage.phserver to generate Ramachandran plots. The
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StructureAnalysis and/erificationServer(SAVES) metaserventfp://nihserver.mbi.ucla.edu/SAV$/

was used in order to produce ERRAZNd Verify3D® plots for the models. The data obtained from
Rampage and SAVES was analysed for each of the NSS models and all residues that violated one or

more of the threevalidation criteriawere recorded.

As all hree models were based on the same templat@sophila melanogastetopamine transporter
(PDB accession code 4M48), this structure was also analysed using the Rampage, and SAVES software

to provide a benchmark from which to compare the quality of the haygplmodels.

3.2.3 Protein model sequence and identity.

All three MATs and the template protein were superimposed and aligned using the
G! f AFYyk{ dzZLISNR Y L2 &4S¢ LI AOIFGA2Y AY ah9d ¢KA& =

percentage identity values betwaghe homology models and the template.

3.2.4 New Psychoactive Substances dataset

The dataset used for the docking studies to the homology models and crystal structures was obtained
from the study conducted by Iversat a8, It comprises 21 NPS each of which have experimentally

measured biologicalctivity data (Ki values) for each of the isoforms DAT, NET and SERT.
3.2.5 Identification of MAT binding sites.

Binding sites for all three MAT were elucidated in MOE and then cross referenced with available
literature to ensure that all residues that haeen identified as important to binding were contained
within the putative binding sites defined. The default settings in MOE were used to define the cavities
i.e. probe radius 1: 1.4 A probe radius 2: 1.8 A, connection distanceads minimum siteize of 3
residues. The residues identified from the literature as being important for protein ligand interaction
in the MAT that were not identified by MOE were manually added to the binding site composition

prior to docking studies taking place.

3.2.6 Doging in MOE

t NEGSAY Y2RSt A& 6SNB LINBLI NBR dzaAy3 GKS aljdzi 01 LI
RSTAYSR dzaAy3a GKS GaAGS FAYRSNE LW AOFGAZ2Yyd ¢K
into MDBfiles for the docking studyinduced fitdocking studies were carried out in MOE, using the

MMFF94 force field. For comparative purposes, a secondary study using the AMBER210: EHT force field

was also conducted.
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In the docking application within MOE the default setting was selected. Parametedsans the
triangle matcher placement, rigid receptor refinement, London dG & Generablgad volume
integral/weighted surface area (GWVI/WSA). dG scoring functions were applied. The number of
docked poses generated was terminated after a maximum of 3@pbad been established or until

the conformation of the ligand poses reached a default RMSDftaf 3.0 A.

The 21 molecules from the NPS dataset were docked into each of the MAT models in turn. The docked
poses for each ligand were analysed basedhengcoring function value obtained, ligand interaction

diagrams and the 3D conformation of the docked ligand.
3.2.6 Docking in Genetic Optimisation for Ligand Docking (GOLD)

Genetic Optimisation for Ligand Docking (GOLD) is an alternative piece of csufkiveye that uses

a genetic algorithm to position the ligands in the binding cavity. This type of algorithm is based on the
principles of biological evolutid??!®, PDB files for DAT (accession number Q01959), NET (accession
number P23975) and SERT (accession number P31645) were prepared in MOE. The native ligand (DA
for DAT, NE for NET and SER for SERT) was then docked into the corresponding MAT homology model.
Theprotein-ligand complex which had the highest S value was saved as a PDB file and uploaded to the

GOLD visualizer HERMES.

¢2 LINBLINB GKS LINRPGSAY &adNHzOGdzNBa F2N) R201Ay3
the binding site, a known bindingtes residue (see Table 3.1) was isolated for each MAT isoform and

then using the Cartesian coordinates of the residue (obtained by interrogating the PDB file) a binding

site cavity was constructed by using the default setting in GOLD which defines tlglsitd as all

residues within a 15 A radius of the selected residue.

Two scoring functions were implemented during the docking study using GOLD; GOLDscore (an
empirical scoring function) and CHEMscore (a molecular mechaasexl scoring function, see
Chapter 2 for details). The Genetic Algorithm default settings were applied with a population size 100,
selection pressure 1.1, number of operations 100,000, number of islands 5, niche size 2, migrate 10,
mutate 95, and crossover 95. Once the scoring functind rescore scoring function was selected the

Iversen dataset was docked and ranked according to the scoring function results.

odH®T {LISINYIYQE wlyl o

To determine the extent of the correlation between the relative rankings of the experimentally
obsened values and the relative rankings of the computationally generated scoring function results,
{LISFNYIYyQa NIyl O2RNbddcalculgtg. O2STFFAOASYyGaA 09|
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These pairwise comparison values were calculated for the experimental data with respett to al
scoring functions used in the docking studies and the individual components of the S scoring function
used in MOE (i.e. rmsd_refine, E_conf, E_place and E_refine). Correlation coefficients were checked

for statistical significance using critical valubles*,
r = 1-c H?R(nn)

9ljdzr GA2Y odmY C2NNdzZ I dzaSR G2 O frmsivéed BlatijelydS I NI | y

ranked experimental and relatively ranked computationally generated scoring function data.
Where
d = the difference in value between experimahand computational rank value,

n = the number of samples in dataset

3.2.8 Consensus scoring

In order to remove potential bias from the docking results, a number of different scoring functions
were used to recalculate scores for the pogeserated by the docking studies. The openly accessible
server Galaxy/BallaX§f (https://ballaxy.bioinf.unisb.de/) was used to rscore the docked poses
created in MOE. The scoring functions used to achieve this were (1) Molecular Mechanics (MM), (2)
Pairwise Linear Potential (PLP) and (3) Poistzmann (PBj?18518¢

The ranked data for all the different scoring functions were then compared to the ranking of the
SELISNAYSYGFf RIFEGEF dzAAY3 {LISIFENYIyQa NIyldg! {LSI
trend of nine scoring functions.

{dz6aSljdsSyiGtes I {LSENXYIYyQ&d NIyl @I fdzS F2N SELISNJI
vs predicted relative ranking of highest to lowest affinity was calculated based on all the docked data

for each of theVIAT isoforms.

3.3 Results

3.3.1 Homology models

At the time of the initial study (2015) there were no human crystal structures available for DAT, NET
or SERT. As such, homology models for human DAT, NET and SERT isoforms were obtained from
proteinmodelpotal.org. The homology models were validated, with regards to their structural

properties, before being used in subsequent docking studies. Homology models are built on
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experimental structures (such asay crystals) that share a similar primary structifeo the desired
LINEGSAYE 6KSNBoe (KS&S SELSNAYSyGlEt aGSYLIX I GSaé
6K2Y2ft 238 Y2 RESH ¢ T ANINHzOd dzNBE 6 K2Y2t 238 Y2RSf 0o C
models the template used was the crystal structure 4848 he homology models are available from

the SWISSIODELrepositoryee,

The homology models for DAT, NET and SERT have sequence identities with the remgilagefrom
53-55% to the 4M48 template. It is generally considered that models that have over 50% sequence

identity to its template are suitable to be taken forward drug discovery investig&tion

From Figure3.2 it can be seen that there is a high level of structural conservation between the
dSO2yRIFNE &0GNHzOGdzNY £ St SYSy(a Aeytheldiffefencé tietdBeS a! ¢ Q32

the structures arises in the orientation of the extracellular loops, which can easily be seen.

Figure 32: Visual representation of the superimposed template 4m48 (blue) and homology models
of DAT (Q01959, green), NET (P23975, white) and SERT (P31645, magenta) showing a largely
conserved secondary structure between the template and the MAT models but variation in loop

regions (circled in black).

Figure 3.3 is a matrix of the residue identity gemtages between the three homology models and the
template crystal structure. The bigger the percentage, the greater the similarity between two protein
structures®, Asstated by Chothia and Lé€khomology models that have a sequence identity of >50%

with the template will provide a close general model. Figure 3.3 shows that the template crystal
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structure appears to be most similar to the NET homgplogpdel but all models have a pairwise
sequence identity with the template and each of the other isoforms of greater than 50% and as such

can be taken forwards into docking studies, subject to protein validation.

4M48 DAT NET SERT

4M48 58.8 53.1
DAT 69.9 50.7
NET

SERT

Figure 33: Matrix of residue identity percentage values for 4M48, DAT, NEGBRT .

3.3.2 Homology model validation

The three homology models and the template structure were analysed for structural validity using
three protein validation tests: Ramachandran (RC) plot an&lysierify3D!° analysis and ERRAT

analysis.

These validation methods were used as alijy sense check of the models and to identify any
residues implicated in structural errdf§ as these could, in turn, produce errors when using the
models in docking studies. Ramachandran analysis looks at the overall qualitybatitimne of the
protein structure, Verify3D analysis looks at compatibility of the 3D structure of the model with the
amino acid sequence and ERRAT analysis looks at the distance between pairbancech atoms
(CC, CN, CO, NN, NO and*®&All techniques are independent, yet complementary to one another

and are in combination are useful to identify regions of error in a protein model.

3.3.2.1 Ramachandran Analysis

Ramachandran plots are a geometric validation method which analyse the ith@en components of

a proteins structuré&®. The components are the backbone conformation, the side chain conformation
YR (KS /% AsperiystuctNi® and functivare heavily related, it is vital that the protein
backbone has a structurally appropriate conformation, and a homology model which was unable to

demonstrate a structurally appropriate conformation would be of limited use in docking studies.
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Figure 3.4 i@ Ramachandran plot generated for the template structure 4M48, and the homology
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Figure 34: Ramachandran plots for 4M48)( DAT B), NETQ@ and SERD). RC analysis plots the
torsional anglesK, xaxis and’, y-axis) of all the residues. The plot is split into areas according to
secondary structured NBE 3 A 2y a | eaXISISTIR . -kelires BEFNRIINGr feft handed
helices). The conformations of residues are categorised into four groups: most favoured (which are
found in the red sections), allowed residues (plotted in the yellow sectioti'eafraph) additionally
allowed conformations (cream) and disallowed conformations found in the white sections of the

graph.
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The number of residues that were in the disallowed region of the RC plot was less than 2% for all of
the homology models and lefisan 1% for the template structure (see Table 3.2 for results). Further
analysis showed that none of the amino acid residues that were found to be in the disallowed region
on the Ramachandran plots were part of the putative MAT binding sites. This giviedeoge that

the residues that make up the binding site will not produce erroneous docking conformational poses,

as a consequence of an inappropriate overall protein fold.

For DAT, NET and SERT the residues that were found in the outlier region of gl R€re all
residues that were found in loops on the models. This was not unexpected as the majority of reported

errors found in homology models are due to poorly predicted loop structures within a pttitein

3.3.2.2 Verify 3D Analysis

Verify3D analyses the compatibility of a proteins 3D structure with its 1D structure (amino acid
sequence). Each residues is categorised based on its environment and location and is used to evaluate
the overall fitness of the amb acid sequence in relation to its 3D environnménthe results obtained

for DAT, NET and SERT for Verify3D (Table 3.1 and Figure 3.5) show that bet@##ndB4esidues
obtained a positive value which indicated a favourable environment (conversely a negative value for

a residue indices it is in an unfavourable environment).

65



VrifyI0: $mABpdh

A = . A
o o ,
: 3 i e Y wn
R e TIEY L. . W o S o 86
Sy R N R S W S S s oty
% B & 5 Lo “4:." oy pa ogfos Pan e
= E T’o;" ats 0 Wqﬁ%‘—
L3 % “mg”
Wity 30 DAT pit
B = re [ Fowrseore
_w}% Pl M, fu -
bory o fm ""J\:b,‘ AP ® ™ hi - °r‘\
. o b 2 a0 : s o
- P et N SRR Wy NN e
LN Xy P L £ o g o %‘:
* Wy, g
& S ¥ g P &
Verify; NET. i
c = re [ Fow-Svore
S, o
) - ry - 2 -
— L0 P, g # So¥ »
e ”“'f?\ ?-'W_ %‘5 LA # & ‘; fp ﬁ’.—‘ #A a A ':# 4:%
& w ‘}E s Al 5":?’ L ¢ - 555, o, o £ @ . " .
W e s T o6 @ “ whaoy i ST
- [ LAY g
E & K * &
Voriy0: SERT pats
D S s R, . .
- 5. S TR of
o K] s N 25 & ) fk\ o, Y T ﬁ”,,
w‘mmsp-.m Cagd " G gmdl o W . 4 4 )
rl ° o, #o B8 °
4 23«;‘ ’3: j FO " .aé.‘?
& - ° <
W -

Figure 35: Verify3D plots for 4M48 (A), DAT (B), NET (C) and SERT (D). The blue dots represent the
average score based on a-&sidue sliding window. A negative average score @&dica residue that
does not have a favourable 2D compatibility, a positive average score indicates a goocd[3D

compatibility.
3.3.2.3 Errat Analysis

ERRAT analysis (Figure 3.6) looks at theboowled interactions between carbons, nitrogen and
oxygenatoms within a protein. The results obtained for DAT, NET and SERT for ERRAT showed that all
models had an overall quality factor of >85%, this means that at least 85% of theonded

interaction between carbon, nitrogen and oxygen within the model watrecceptable/expected
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distance$**o one another, and this is an indication that overall the model was of sufficiently high

guality to be used in subsequent docking studies.
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Figure 3.6: ERRAT plots for 4M48 (A), DAT (B), (B Tand SERT (D) based on the first3D
residues. ERRAT plots assess the distribution of different atom types. Values are plotted as a function
of the position of a sliding-Besidue window. The 95% and 99% error lines on the graph show at what
confidence level the residues can be rejected for not have the correct distribution between atom
types. The gap shown in image A is due to a gap in the amino acid sequence which is a loop that had

not been present in the crystal structure.
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The results obtaineddm the protein validation analysis for all three models and the template 4M48
showed that the protein structures were of an appropriate quality to be used in docking studies. 4M48
outperforms all of the models in each of the tests, which is a reassurdtigation that the models
were not over fitted. Hence, the models could be used in experiments to ascertain what the structural
differences between the isoforms were that could account for the differences in experimental affinity

observed for the 21 compauls of the Iversen.

During the lifetime of this project, a number of experimental structures of the MAT isoforms were
placed into the public domain, and as such the docking experiments were repeated using the
experimental structures. Subsequent to thesgesiments taking place, the experimental structures
were validated in the same manner as the homology models. The results of these validation studies

on the experimental structures are summarised in Table 3.1.

Table 31: A listof the protein models/ crystal structures and the associated protein validation results.
Results are displayed as the percentage of amino acids that have appropriate scores/values for

Ramachandran plot analysis, ERRAT and Verify3D protein structureivaliaaalysis

Experimental RC (%) of amino acids i Verify (%) of residues Errat (%) Overall Quality
structure/Model the favoured/allowed with an average score o factor

region of the RC plot >0.2

4XP9 (DAT) 100 91.78 92.16
4XPA.1A (NET) 99.8 92.35 91.98
5175 (hSERT) 100 99.53 87.67
4M48 100 94.42 93.51
DAT 100 89.67 88.36
NET 99.7 89.24 85.77
SERT 99.8 84.17 89.45

All experimental structures in Table 3.1 show improvements with respect to the quality of structure
for ERRAT and Verify3D damparison to the homology models used initially. The overall protein
backbone quality is unchanged. Again, none of the residues that failed the validation tests were part

of the binding site.
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3.3.3 Docking studies

3.3.3.1 Putative binding site identifidaon.

Using the SiteiRder application in MOE putative binding cavities were elucidated for each of the
homology models. These were validated by ciagerencing with literature to identify residues that
were known to form proteidigand interactions imiicated in biological respons#g°219 For each
isoform, the putative binding site containing the greatest number of residues that had previously been
reported as implicated in binding in the literature was selected from the list produced in MOE as the

preferred binding site for docking stuedi.

The MAT isoforms are listed in Table 3.2 along with the volume of the preferred binding site and a
Propensity for Ligand Binding (PEB)core calculated by MOE. The largest cavities, with the highest

PLB scores were selected to take forward into docking studies for DAT and SERT.

Table 32: a list of theMAT homology models with associated binding site volume of the largest cavity

identified and PLB value calculated using the MOE software.

PLB volume (&)
Q01959 (DAT) 3.80 270
P23975 (NET) 0.53 87
P31645 (SERT) 3.50 249

The putative bindingite cavity for NET was much smaller than DAT and SERT and NET had a PLB value
which was low in comparison to the other two isoforms. The lower PLB score was necessarily a
conseqguence of the smaller putative binding site for NET, as it follows that aaioest binding site,

such as that identified for NET, would be less amenable to binding ligands than the more accessible
cavities identified for DAT and SERT. It should be noted that the binding cavity elucidated by MOE for
NET, was the second binding siteailable out of a list of 10 possible binding sites. This was chosen
because this second cavity contained an aspartate (Asp75) residue that has been shown to be crucial

for forming proteinligand interactions in NE'F.
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3.3.3.2 DAT

Table 3.3: A list of all the DA binding site residues that were reported in the literafti’@? and
binding site residues that were identified by MOE. The tables highlight any residues that failed the

guality control tests during model validation, and which test(s) were failed.

DAT
Residues reported in the Faults with Type of fault Residue present in putative
literature1651%5 residue binding site identified by

MOE

D-79 no - Yes

L-80 no - No

A-81 yes V3D ¢0.25) yes

V-152 yes V3D (0.09) yes

Y-156 no - yes

F320 no - yes

S$321 no - yes

F326 no - yes

S422 yes Errat (95%) yes

G426 no - no

3.3.3.3NET

Table 34: A list of all the NET binding siesidues that were reported in the literature and binding
site residues that were identified by MOE. The tables highlight any residues that failed the quality

control tests, and which test(s) were failed.

NET
Residues in the Faults with residue Type of fault Residue present in MOE
literature176:1% binding site
F72 yes Errat (95%) yes
D-75 no - yes
A-145 no - yes
V-148 yes V3D €0.09) yes
Y-152 no - yes
F317 no - yes
323 no - yes
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3.3.3.4 SERT

Table 35: A list of all the SERT binding site residues that were reported in the literature and binding
site residues that were identified by MOE. The tables highlightrasiglues that failed the quality

control tests, and which test(s) they failed.

SERT
Residues in the Faults with Type of fault Residue present in MOE
literature97:1%8 residue binding site
Y-95 yes Errat (95%) yes
A-96 yes Errat (95%) Yes
D-98 no - Yes
L-99 no - No
G100 no - Yes
W-103 no - Yes
R-104 no - Yes
Y107 no - Yes
[-172 yes V3D (0.54) Yes
A-173 no - No
Y-175 no - Yes
Y-176 no - Yes
[-179 no - Yes
335 no - Yes
5336 no - Yes
F341 no - Yes
V343 no - No
K-399 no - No
D-400 no - No
S438 yes Errat (95%) Yes
T-439 yes Errat (95%) Yes
G442 no - Yes
E493 no - Yes

3.3.4 Docking ohative substrates

Dopamine, norepinephrine and serotonin were docked into all 3 MAT homology models to gain insight
into where the molecular docking algorithm would place the native substrates, and how it would score
them with respect to relative bindingnergies (S values) in each of the MAT isoforms. This provided
information on how well MOE was able to dock endogenous ligands into the relevant MAT. From the
literature there are a number of residues that have been established as playing a key roleimgform

protein ligand interactions within the three MAT-dnphetamine, citalopram and paroxetine are

71



known form hydrogen bonds, to the Asp residues in B/A%. Docked conformabns obtained from

the MAT isoforms and the native substrates highlight the same-egtdiblished residues as being
important in the formation of protein ligand interactions. These findings offer reassurance that the
docking algorithm would be able to idefy feasible docking conformations for the 21 NPS of the

Iversen dataset and would allow conclusive results to be obtained.
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Figure 3.7: lllustration of the MOEHlefined putative binding cavity for A) DAT, C) NET and E) SERT
showing the highestanked docked pose for A) dopamine, C) norepinephrine and E) serotonin (green
ligand). Images B, D and F are the Protein Ligand Interaction FimgeRlIF) for the respective
docked pose. Potential hydrogen bonds being formed between ligand and protein are shown with
dotted green arrows. B) is the docked dopamine/DAT pose with interactions between dopamine,
Asp79°, Phe320 and Asp478 with an S score 0f-4.6602 kcal/mol.D) is the docked
norepirephrine/NET pose displaying interactions between the ligand and AS@rtsl Phe3176and

an S score 0f4.9853 kcal/mol. F) is the docked serotonin/SERT pose with interaction between
serotonin, Asp 98%and Tyr 9%°8and an S score 65.3776 kcal/mol.

Figure 3.7 A and B shows that the dopamine molecule was bound at the bottom of the putative cavity.
This docked confornteon had the highest rankedgalue when the London dG and GBVI/WSA dG
scoring functions were used and demonstrates interaction with residues that have been shown by
experiment to be involved in protein ligand interactions in A% This provided confidence that the
docking study was able to generate credible]l-established interactions between DAT and its native

ligand.

Figure 3.7 C and D shows norepinephrine docked in the lower part of the NET cavity, which was more
constrained than both DAT and SERT. The docking study indicated that NE is forming tbeekey p
ligand interactions reported by Schlessingaral, which highlights Asp75, Phe72, Tyrl52 and
Phe31%¢, playing important roles in norepinephrine binding in NET. This was supported by the PLIF
for NET and norepinephrine which suggest that the binding site elucidated by MOE waad alidifl

be carried forwards into docking studies.

CAIdzNB odT 9 YR C &aKz2ga GKIG GKS KAa3akSad Nryl s
optimal docked conformation, is at the bottom of the cavity, and is shown to interact with residues

that hawe been experimentally determined to be important in protein ligand bintfhdhis gives

confidence, once more, that the model can be used in the docking of NPS and is likely to generate
credible conformations for proteitigand interactions with can help elucidate the differences in

binding affinity between the MAT isoforms.

The values obtained from the docking study for the MATs and their native ligands are shown in table
3.6. This showedopamine (DAas having better S values (and by iafere binding affinity) with NET

and SERthan their native ligands (NE and SEBpectively). Hence, the algorithm was unable to
determine the preferential binding of dopamine with DAT (both SER and NE were predicted to bind
more strongly) or norepinephrine with NET (SER was predicted to bind more strongly). This could be

a consequace of limitations in the docking algorithm, the scoring function used, the putative binding
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site elucidated by MOE, or a combination of all three of these factors. Alternatively, it may be evidence
to support that the relative promiscuity observed fordigls which is seen between the three MAT
isoforms is a consequence of the fact that binding sites are inherenthsel@ative for the majority

of substrates. To test these hypotheses a series of further experiments, using relative rankings rather

than ab®lute S scores, were conducted.

Table 36: The S scores (kcal/mol) obtained for the highest ranked poses when the native substrates
of each of the MATs DA, NE and SER were docked into the putative binding cavitieDAT{H¢ET
and SERT homology models.

Dopamine (DA) Norepinephrine (NE) Serotonin (SER)
DAT -4.6682 -4.7047 -4.7057
NET -4.7191 -4.9835 -5.4317
SERT -5.0198 -4.9049 -5.3776

3.3.5Docking studies usg MOE

Table 37: Table to show the relative rankings, where 1 indicates the molecule with the best predicted
affinity, and 21 the molecule with the worst predicted affinity, for the best (i.e. most highly scored)

docked poses of the 21 NPStbhé Iversen dataset in the putative binding sites of the monoamine
transporters DAT, NET and SERT. These are compared to the relative ranking of observed biological
activities. Studies have been carried out using i) the AdliecEHTF 2 NDOS FASf R FyR (KS
scoring function in MOE and ii) the MMFF94x force field and the default scoring funckitfbin
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Ligand

Desoxypipradrol
1-Naphyrone
Naphyrone
Nomifensine
Amphetamine

6-APB

Cocaine

5-APB

Mephedrone
Methylethcathinone
Methiopropamine
Methylenedioxy-N-
benzylcathinone
(S/+yMDMA
Benzedrone
5-iodo-2-aminoindane
(R/-)- MDMA
Fluoxetine
Methylenedioxy-aminotetralin
Amitriptyline
Methylenedioxy-aminoindane
Dimethylamylamine
r2value

Biological
ranking
(DAT/NET/SERT)

activity

1/7/17
2/12/4
3/6/3
4/1/13
5/2/15
6/3/12
7/18/6
8/5/5
9/11/14
10/21/10
11/9/19
12/20/21

13/10/8
14/17/16
15/8/7
16/15/11
17/19/1
18/16/9
19/4/2
20/13/20
21/14/18

DAT
Docking
ranking
Using
AMBER10
7

12

1

8

5

18

3

2

13

19

17

10

20

9

16

11

4

6

14

15

21
0.146

Docking
ranking
Using
MMFF94x
16

20

5

17

4

[EEN

18
21
11
15
10

16
20

0.006
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NET
Docking
ranking
Using
AMBER10
7

10

2

0.017

Docking
ranking
Using
MMFF94x
11

6

4

10

20

7

18

9

5

12

16

13

19

8

1

15

14

21

2

17

3
0.078

SERT
Docking
ranking
Using
AMBER10
7

14

1

13

9

18

3

2

16

19

17

8

21

4

10

15

5

6

12

11

20
0.082

Docking
ranking
Using
MMFF94x

16
20
12
10
13
14
15
18
11
0.033



A relative ranked score has been selected for comparing the data as there is no direct
relationship between the scoring function S value of the docking algorithm and the biologically
determined activityvalue (f ranging from 0.006 to 0.146). The ligands that form the best
AYGSNY OlA2ya 6AGK GKS al!¢ gAff KIS o0SGGSNI{ &I

to interact with a receptor and elicit a response.

Table 3.7 shows the ligands in radkorder of their biological activity for DAT NET and SERT in
the second column. The remainder of the table shows the ligands nhumbered according to the
relative ranking of their S values (or docked scores) generated by MOE in the docking

experiments that were carried out.

The pairwise correlation between the relative rankings according to biological activity and
docked score give very low values regardless of the force field employed (AMBER10 or
MMFF94x). A possible reason as to why the correlationssdew may be due to the docking
algorithm not being able to successfully distinguish between the ligand interactions with the
MAT isoforms when forming docked poses, as a consequence of the similarity of the binding
cavities of the MATSs (Figure 3.8), ahdrefore not being able to effectively rank the selectivity

of the ligands in the dataset.

Figure 38: The overlaid putative binding sites of the DAT (green), NET (white) and SERT
(magenta) homology models, elucidated usthg SiteFinder module in MOE. This highlights
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similarities in the shapes of the cavities, which could partially explain the observed promiscuity

of binding between the three MAT isoforms and the ligands in the lversen dataset.

As the binding site of NET wa lot smaller in volume in comparison to DAT and SERT (Figure
3.8), a second docking study was carried out in MOE. This study used a composite putative cavity
that resulted from combining the top two binding sites elucidated by the software (see Figure
3.8). The modified binding site had a volume of 34arfl PLB score of 4.25. When the dataset
was docked into this composite NET cavity analue of 0.034 was obtained. This value is
comparable to the values achieved for the docking studies on the liriigity, and give
confidence that the poor performance for NET was not a consequence of the constrained nature

of the putative binding cavity.

Figure 39: The overlaid putative binding sites of the DAT (greeonjnposite NET (white) and
SERT (magenta) homology models, identified using the SiteFinder module in MOE. This

highlights similarities in the size and shapes of the cavities.

The composite binding site (Figure 3.9) of NET is much more similar to DAT andvSER,
however the opening to the cavity is much broader with NET. Despite this modification to the
NET putative binding site, there is no significant improvement in the docking results. This, again,
speaks to the similarities between the binding sitdghe isoforms making it difficult for the
docking algorithm/scoring function to effectively distinguish between the ligands in the Iversen

dataset.
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3.3.6Docking studies using Genetic Optimisation for Ligand Docking (GOLD)

The initial docking resultgbtained from MOE did not provide results that could help explain
selectivity of ligands between the different MAT isoforms. A second docking study was carried
out using the computational software GOLD to rule out this result arising as a limitatiorheith t
docking algorithm/scoring function used in MOE. GOLD uses a genetic algorithm to guide
docking which uses the idea of evolution to develop conformational poses. The 21 compounds
of the Iversen dataset were docked into the MAT models uSiBg DTable 33) and the docked

data was ranked and compared to the biologically ranked data to see if there was a correlation

(in the same way as for the MOE docking algorithm).

Table 38: r*values for the correlation between thanked biological data and ranked docking

score values for DAT, NET and SERT using the scoring functions GOLDscore and CHEMscore

MAT GOLDscore’r CHEMscore*r
DAT 0.021 0.017
NET 0.017 0.000
SERT 0.152 0.000

Table 3.8 shows that very littieorrelation was obtained between ranked biological data and
ranked docking data when using GOLD. This is consistent with the results obtained from the
MOE docking studies and indicates that the lack of correlation between experimental and
computational daa was not likely to be as a result of limitations from a specific docking

algorithm.

337{ LISIF NXYI yroga wlyl 6

The docking studies carried out in MOE and GOLD produced very\ailmes which indicates

very little correlation between the experimentally deed data obtained from Iversest aland

the data produced from the docking algorithms in MOE and GOLD. Due to the complex nature
of protein ligand interactions the ability for a single scoring function to correctly distinguish

between these interactionss limited>*,

{ LIS I NIvnkyTake 3.B)lwas employed to see if there was correlation between the way the

results had been ranked in terms of biologically activity and ranked docked pesabki€S).

alyd R2O1Ay3 aiddzRASa KIGS SyYLX 28SR { X N¥I yQa
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ranked datd* given the acknowledged lack of correlation between scoring functions and

experimentally measured biological activity data.

To measure the significance of tlecoefficient values and the strength of the correlation
between results critical tables were used to highlightalues that were statistically significant
(above 90%“).r values above 0.37 are significant at 90% mwmdlues above 0.44 are significant

at 95%°®4for a dataset containing 21 compounds.

Overall the best performing scoring function used intermp &2 STFAOASY G gt a (GKS
function. This produced the highest overalivalue for DAT (significant at 90%). However only

the docking studies in DAT generated statistically significant results for the Spearman ranking
experiments, with additional @I € dzSa4 F2NJ G KS [2yR2y npDX hl. YR

also statistically significant at 96%

The scoring functions in MOE are the sum of different components based on different individual
SySNHé& (SN¥a o/ KFLIISNI Ho® ¢KS a02NBscorigf GKS
Fdzy OlA2y 6SNBE NIYy{SR FT2NJGKS um R201SR 02YLRdz/F
values to their relatively ranked biological activities. This experiment was carried out to see if

isolated properties of a scoring function could be usedbetter rank the docked posed

obtained. The results obtained for the scoring functions in the GOLD software, ChemScore and

GoldScore, were also analysed in this way (Table 3.9).

Table 39: r coefficient values obtained for thdocked ranking study conducted in MOE using

T2dzNJ RAFTTFSNBY G a02NAy3a FdzyOitAazyay [2YR2y nDs ! -
A02NAY3I FdzyOilAz2zyaod -~ O2STFAOASYy G @I fdzSa O t Odz
E _confiofthel R2y npD $SNB dzaSR G2 NIyl 0GKS RIOGFaSho ¢
study conducted in GOLD using the two scoring functions GOLDscore and CHEMscore. Results

that are statistically significant at 908ad aboveare shown in bold

r coefficient values

London Affinity ASE h | . E_place E_conf GoldScore ChemScore
nbD nbD

DAT 0.38 0.42 0.34 0.40 0.22 0.25 0.40 0.28

NET 0.13 0.30 0.05 0.08 0.03 -0.02 0.04 0.19

SERT 0.30 0.28 0.13 0.28 -0.03 -0.12 0.19 0.34

79



None of the” @I f dz8a OF t Odzf F SR dzaAy3d (GKS AYRADARdZ €

functions were significant at 90% for any of the isoforms. Table 3.9 also shows there was no
overall improvement in” values when using a different docking algorithm (i.e. the GOLD

algorithm).

In an effort to investigate whether inherent biases in scoring function were responsible for the
lack of significant correlation, a rescoring exercise was carried out. B&llaxy/simple rescoring
application which rescores docked poses generated in either the MOE or GOLD docking
algorithms. The three scoring functions available via Ballaxy areaiMMBER2based scoring
function, PRB; a PoissofBoltzmann scoring functions and PLP a pair wise linear potentidhgcor

function!®>.186.204

Table 310: The " coefficient values calculated when docked poses were taken from MOE and
then rescored using the rescoring software Balté&yResults that are statistically significant at

95 % are shwn in bold

MM PLP PB
DAT -0.22 0.41 0.27
NET 0.04 0.07 0.12
SERT 0.23 0.23 0.11

3.3.8 Consensus Scoring

In a final effort to try and improve correlation between computational and experimental results
consensus scoring wamployed (see Table 3.12). The aim here was to see if combining multiple
scoring functions (consensus scét®) would improve how well the ranked docked data
would best match the ranked biological data, and is based on the peetimag implicit bias in a
single scoring function is reduced by comparing and combining the results of several
independently derived instruments. Scoring functions from MOE and GOLD were used in
combination with 3 scoring functions from the software Bafték(Table 3.11) to generate

consensus rankings for each of the 21 ligands in the Iversen dataset.
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Table 311: Alist of all the scoring functions used in the consensus of scoring functions.

MOE scoring functions Ballaxy GOLDB!
Amberl0:EHT Scoring function¥*
¢2L) Aa02NBR { QI MM GoldScore
l SNIF 3S 27F Fftf | PLP ChemScore
Averagetop 3| f dzSa 6 [ 2 PB
Affinity DG

ASE scoring function
Alpha HB

Table 312: The " coefficient values calculated when a consensus of scoring funatiasgsed.
Statistically significant results (9Q#d aboveconfidence) are shown in bold.
MAT " 02STTFAO

consensus scoring

DAT 0.38
NET 0.05
SERT 0.40

Table 3.1%howsi KS NB adzZ a4 2600GFAYySR F2NJ GKS 02y aSyadz
different scoring functions. Both DAT and SERT produced values were statistically significant at

90%2%? confidence.

As there is no standardized scoring function that can be applied to molecular docking studies, it
was expected that the individual scoring functions did not produce strong correlation
coefficients; this isvhy a number of different scoring functions were employed. To gain a better
prediction of binding affinities, different docking and rescoring programs were used in attempt
to combat the problems associated with protein flexibility and the number of diffeligand
conformations. Studies have shown that consensus scoring can be used to improve ranked data
correlation however these studies were conducted using crystal stru¢tliréssing homology
models may have limited how well consensusrsgy was able to rank the docked data. Another

limitation of the study may be due to the small dataset available. Many consensus score studies
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use between 10882°°-1000 ligand¥®, as the correlation of ranked data was being gsatl

having a small dataset may not be suitable when looking at trends between ranked datasets.

3.39 Experimental structures of the MATSs.

In 2016, the human SERT crystal strucfifreound to paroxetinewvas published. This crystal
structure showed paroxetine had the ability to form potential hydrod¢pemding interactions

with both Tyr95 and Asp98, as predicted by the docking studies above and tHat6lyser 438,

lle 172 and PH&35 also defined the bindg cavity¢ again consistent with the computer
modelling. This gives further confidence that molecules which bind to DAT and SERT with a high

affinity are likely to be found towards the bottom of the cavity, as predicted by the models.

The binding of lignds towards the bottom of the cavity is likely due to key interactions that are
formed with the aspartate residue (DAT Asp 79, NET Asp75 and SERT Asp98). This highly
conserved residue plays a key role in the recognition of biogenic amine DA, NE and
SER40174.176,179.187.193 2402 |t has also been reporteds forming an interaction with virtually

every known inhibitor of DAT, NET and SERid hence is likely to play a key role in the binding

of the NPS to the MATSs.

Also, after the initial computational modelling studies were conducted a series of dDAT crystal
structures (May, 2015) eaystallised with the ligands; dopamine, 3dié&hlorophenethylamine,
DI YLIKSGFYAY ST YSiKI Y-CH &nil RobWgT& rEleael’OF A Yy ST |

In light of these advances, it was deemed pertinent to repeat the docking experiments carried

out on the new crystal sticiures, to investigate any differences that arose between them and

the initial studies carried out on the comparative models of the human isoform. The crystal
structure 4XP9 complexed with-&dnphetaminé®’, was selected as a representative from the

4X series as this structure had the best resolution. The crystal structure was prepared for docking

as described previously, and the Iversen dataset was docked into the crystal structure.
Prelimy | NB R2O0O1Ay3a &a0GdzZRAS&a AYRAOFGSR GKFdG GKSa&as$s
correlation coefficient for DAT (0.38 to 0.4#gnificantat 90%) and SERT (0.30 to 0.48) showing

that the results for SERT are now significant at a 95% confidenceahter

A newer homology model for NET (February, 2018) has also been released based on the dDAT
crystal structure 4XP2. Protein structure validation of this model indicates that it is of a high

enough quality to be used in futureodking studies, but this experiment was not conducted as
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part of this study due to time constraints. The new homology model may provide results that

have a better correlation with the biological data available.

3.3.10 5175 human serotonin transporter cryat structure

In April 2016 the human serotonin transporter structure at 3.15 A resolution was elucidated by
X-ray crystallography by Colemant al®’. This structure was subjected to the same protein
validation methods as the homology models.expected, given this is a refined experimental
structure, the crystal structure had little to no structural issues (see Table 3.1). However, when
a docking study using the crystal structure was carried out, and compared to the results achieved
with dockingto the SERT homology model, there was no significant increase in correlation
between relative rankings of computational and experimental data for the crystal structure
compared to the homology model. Figure 3.11 shows a high level of conservation @flitesh

and a protein backbone RMSD value of 2.65 A between the crystal structure and the homology
model which is an acceptable value for the homology model to be used in docking $ttidies
However, this value is sligiithigher than would be anticipated given the conserved nature of
the secondary structural elements, and its magnitude is due to the variation in the orientation

of the extracellular loops between the homology model and the crystal structure.

Figure 310: The superimposed alignment of the SERT homology model (P31645, magenta) with
the MOE putative binding site in red and the overlaid human SERT crystal structure (PDB
Accession code: 5175, cyan) with the binding site in blaekiBone RMSD between model and

crystal structure is 2.65 A.
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Figure 3.11 below shows the difference in fhasitionof a docked molecule (fluoxetine) in the
SERT homology model and the position of thegstallised molecule (citalopram) ine SERT
crystd structure (PDB Accession Code 5175). The crystal structure complex is shown in greater
detail in Figure 3.12 and may provide additional information over the homology model/docking

structures regarding where a known SERT selé€titéligand is likely to bind.

Figure 311: Overlaid images of: the binding site of the SERT homology model (green) with the
highest ranked dockedooformation of fluoxetine (black ball arslick)and the binding site of
the xray crystal structure of human SERT (5175, magenta) with the docked conformation of
fluoxetine (cyan ball and stick ligand) in 5175. The difference in bound position of fuxeti

comparison to citalopram may be a result of the docking algorithm used in MOE.
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Figure 312: A) is the binding site (magenta) of 5175 with theaystallised ligand, citalopram
(black ball andstick figure).B) PLIF image of the bound citalopram in 5175. Preligind
interactions are illustrated with green dotted lines to show interactions between side chains of
residues and blue dotted lines to show interactions between the ligand and theipro

backbone.

In Figure 3.12 it can be seen that citalopram is bound at the bottom of the cavity. 5175 has a
narrower entrance to the lower section of the binding site (approximately 6 A in diameter) in
comparison to the SERT homology model (9.6 A an#meowest point and 13.6 A at the widest

point). The difference is shape of binding site could explain the increase in significant Spearman

ranking results for the experiments carried out on the crystal structures when compared to the
experiments carried at with the homology models. The initial SERT homology model docking
SELISNAYSyiGa KIFEIR I~ @I f dzS % Howavérovmen thekiVe®d A & Yy 2 (i
datasetwasreR2 O1 SR Ay U2 pLT1p= GKS ONRBaGFf &adNHzOG dzZNB
which is significant at 95%. This may be due to the fact that the narrow binding site entrance in

GKS ONEB&aGFf a0NH2OGdINBE LINPJARSR || A0SNAO aof 207 ¢
of what is expectedh vivoi.e. by restricting the moleculde the bottom of the binding site.

Figure 3.13: shows the overlaid binding site for 5175 and the SERT homology model. With the
exception of Asp98 there appears to be variation in position of side chain between model and

crystal structure. The differenc@sresidue orientation is quite likely the cause of an altered size

and shape of binding site and ultimately account for the differences in docking data obtained.

85



Figure 313: the overlaid binding site for the SERT homologyleh (residues in orange) and the

SERT crystal structure 5175 (residues in purple), the residues highlighted include Asp98, Tyr98,
Tyrl75, Ser336, 1172, Ala96, and Phe335 with the complexed ligand Citalopram indicated with

the black stick model.

The bindingy site residues for the SERT homology model and the SERT 5175 crystal structure are
not aligned which indicates a shift in protein backbone, and a concomitant alteration in the
shape of the binding cavity. This is illustrated in Figure 3.13. The carlogydaip on the Asp98
residue differs in orientation with a maximum distance between oxygen atoms between model

I yR SELSNAYSyiGlt adGdNHzOGdzNB&E 2F monp ) yR i
a distance of 1.12 A. The phenol ring of the Byigalso not aligned between model and crystal
structure with a maximum distance of 2.11 A between the atoms of this residue. These
conformational differences between binding site residues could explain why different results

were obtained from the dockingtudy using the crystal structure and the homology model.

3.3.11 Investigating the Emergent DAT Crystal Structures

Using one of the newer dDAT crystal structures (the dDAT 4XP9 crystal structure at 2.8 A bound
to D-amphetaminé” published ina @ HAaMp O R2DYANIRBRENEINRE 41 &
FGGSYLIWG G2 AYLINR@GS ~ @FfdzSa F2NI 5! ¢35 gAlK

differences there are between the MATs which could explain selectivity.,
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When this crystal structurewalzd SR (G2 R2 01 GKS fA3FyRa FNRY
improve (from 0.38 to 0.42), but this is not a significant difference to the results obtained
previously. This is not surprising given that the superimposition between 4XP9 and the 4M48
derived homology models (Figure 3.14) shows that the experimental structure and the

homology model are very similar.

Figure 314: the superimposed alignment of the DAT homology model (based on the template
4M48, green) and cryat structure 4XP9 (bronze). A protein backbone RMSD value of 0.729A

was calculated in MOE.

The docked Eamphetamine ligand (Figure 3.15) has a conformation very similar to the
complexed Bamphetamine ligand that was present in the structure 4XP9. Theasitieib
between the experimental ligand position and the docked conformation gives confidence that
the docking algorithm used in MOE is able to reproduce very likely protein ligand interactions,
and that the homology model is an appropriate surrogate far tiDAT crystal structures in the

docking experiments.
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Figure 315: The overlaid binding sites of the DAT homology model (green) and the dDAT crystal
structure 4XP9 (red). The black ball and stick figureaisiphetamine doked into the homology
model and the white ball and stick figure circled in black is the complexaddhetamine found

in 4XP9.

3.3.12Investigatingthe Emergent NET models

A preliminary docking study was carried out using the newly published NET homadolgy m
which is based on the template 4X4a dDAT transporter in complex with cocaine. The
putative binding site of the new homology model was larger in volume (2y# Aomparison

to the original homology model (which had a binding site volume off&ed Figure 3.16). Using

the 4XP4/ased NET model avalue of 0.21 was obtained for the docking of the 21 ligands.
Similar to the previous studies, a composite binding site was created for NET which combined
the two largest cavities identified by MOE svearried out. The composite binding site had a site
volume of 341 A and the docking study carried out using this active site returneda@ue of

0.24. This is only slighter higher than the smaller 4XRBA binding site and not significant at
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90% conflence. When analysing the docked conformations of the ligands in the composite
binding site it was noted that docked ligands were consistently placed in the bottom of the
cavity, an area that was also available in the first iteration of the experimestudks the small

difference between the two experiments is not unexpected.

Figure 316: the overlaid putative binding sites elucidated in MOE, the original homology models
binding site is shown in white and the NET homologydeh based on 4XP4A binding site is

shown in dark grey.
3.4 Discussion

3.4.1 Homology models

The homology models available were able to produce valid docked conformational poses for the
ligands based on the literature available regarding the native ligdhisNA and SER). However,

as the models were very similar in topology and sequence this may have limited how structurally
different the binding sites are, and hence how able docking experiments would be to
discriminate between NPS binding. Sequence ifieand similarity amongst all three models at

the binding site were analysed, (Figure 3.17). The lack of variation in amino acid composition
between the binding sites is evident, and this may have reduced the ability to identify selectivity

amongst the MA via docking studies.

1: DAT IHETHGK[ DFLLSVIGHA NVWRFPYICYQNGGGAFLLPY GIPLFYMELALGQ
2 MET RETHGKKIDFLLSVMGEA NVWRFPYLCYKNGGGAFLIPY GMPLFYMELALGQ
SERT IHETHGK[ DFLLSVIGEA NVWRFPYLCYKNGGGAFLYPY GMPLFYMELALGO
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Figure 317: Alignment of amino acid sequences for the homology models DAT, NET and SERT.
The highly conserved aspartate residue is highlighted by the black box. The residues highlighted
in greenshow that all three models have identical residues at this position between the aligned
sequences and the areas highlighted in red show that one or more of the residues are not

identical.

The residue alignment in Figure 3.17 show that there is a highdésetuence identity amongst

the residues that are in close proximity to the conserved aspartate residues and therefore the
binding site compositions are similar. Analysis of the binding site residues show that although
they are not identical many of theesidues are similar e.g. the three closest highlighted red
columns to the conserved aspartate (in Figure 3.17) show a mixture of similar hydrophobic
residues (G, A, Y, F, | and V) proving binding site similarity. Figure 3.18 shows the binding site
residues that are conserved amongst all three MAT and are implicated in the formation of
protein ligand interactions. There appears to be no conformational differences of the side
chains, highlighting the structural similarity of binding sites for DAT, NET &Td SE

Figure 3.18: The overlaid binding site for DAT, NET and SERT, the conserved aspartate (dark
blue), phenylalanine (grey), tyrosine (red), alanine (magenta), serine (cyan and orange), valine
(green), leucine (purple) anderagine (yellow) residues have been highlighted to show there
are little differences in side chain orientation of the residues known to be important for protein

ligand interactions in the MAT homology models.
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3.4.2 Docking

All of the models produced doell conformational poses that formed protein ligand interactions

with residues that were known to be important, and were later confirmed as such by the
publication of xray crystal structures. For the majority of results obtained for DAT, it is evident
that the residue Asp79 forms an important role in protéigand interactions. This highly
conserved aspartate in DAT, NET and SERT forms an interaction between the protonated amine

of the biogenic amines. From a model alignment it is clear that the threatas$paesidues are

equivalent see figure 3.19.

TN

N\

Figure 319: shows the aspartate residue Asp79 in the homology models; DAT (white), Asp75 in
NET (magenta) and Asp98 in SERT (yellow) overlaid. This image showsphaic¢hisr residue

is highly conserved in all three MAT. The three MAT models have been aligned and
superimposed, with DAT being coloured yellow, NET being coloured red and SERT being

coloured red.

The results obtained from the docking study in both MOHK &0OLD showed that both
computational algorithms were able to dock the ligands and form protein ligand interactions
with all of the residues highlighted inables 3.3-3.5. This indicates that the models used were

of a high enough standard this gives coafide that they can be used to provide valid results.

The models used were all structurally valid as demonstrated by the protein validation methods,

all of the binding site amino acid residues were structurally sound and did not violate any of the
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validation tests. Newer published crystal structures show an improvement in structural quality

and as future work these structures should be used for carrying out further docking studies.

3.5 Conclusion

The aim of this study was to see if the homology models alaifar DAT, NET and SERT were
of a suitable structural quality, which would allow for molecular docking studies to be conducted

in order to provide information that corresponded to the literature.

The homology models were found to be structurally accblgdased on the data obtained from

the protein structure validations tests carried out. The binding site application in MOE was able

to identify valid binding site cavities that corresponded to literature findings based on studies
conducted on MAT, usingoth homology models and experimental data. Residues that had

been reported in the literature as playing an integral role in the recognition of MAT inhibitors

were found to be in the binding sites the software had elucidated. Using the homology models,
differences regarding the binding sites for the MAT were observed. The selected binding site for

NET had a much smaller binding cavity in comparison to DAT andtis&rBibye to see if an

increase in cavity size would improve correlation a composite binsilegwas created. The

composite binding site for NET was created by combining the initial binding site with a second

site that had been elucidated in MOE. The second site sat directly on top of the initial site

however when the volume of NETs binding sit@s increased it did not significantly improve
O2NNBftFGA2Yy 0SG6SSYy GKS NI yYy]SR®R28IGlFasSida o6 dI
¢CKSNBE R2SayQi FLIWISEN G2 0SS +y 200A2dza SELX Lyl
NI Y1 SR R201SR RI 0l e$dedpited guiber of medsired teken to'try and f dz
optimise the binding site and docking parameters. More information regarding the NET binding

site and the mechanism in which a protein ligand interaction is formed is required.

Table 3.14 shows thatthecarSy ddza 2F & O02NAy 3 Fdzy Ol A2y & A YLINE ¢
SERT but there was no improvement with the NET@ f dzSa® ¢ KA & AYyRAOIGSa
with the NET homology model being able to produce ranked docking conformations that are in
agreementwith experimentally derived datanspection of the biological data will be conducted

in the next chapter to see if there are any associated issues that could cause erroneous results.

The overall amino acid sequence for all the MAT homology models was@¥#eidentical, this

indicate that that the models may be too similar to one another to and therefore information
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regarding selectivity cannot be extrapolated. When focussing on the binding sites of each of the
MAT homology models there is a percentagenitty of 75%, this reinforces the idea that the

high similarity of the models limits how well selective docking data can be obtained.

This study was a structuteased approach to start the investigation into identifying a novel NPS.
The homology models ad for DAT and SERT were able to produce statistically significant
correlation between experimentally derived data and the docking study results, but did not
provide insight into the reasons for the differences in affinity for molecules between the
isoforms. The DAT, NET and SERT homology models were found to be of a high enough quality
to be used for docking studies, however the NET homology model did not produce docked data
that correlated significantly to the literature values. Due to limited informatieing obtained

from the MAT the next step will be to employ a ligamased approach to investigate selectivity
between the isoforms. Identifying phgsichemical properties for chemical structures that are
selective for one MAT over another may provide mimformation to help the design of a novel
NPS.
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Chapter 4

Development of Quantitative Structure Activity Relationship
Models to Identify Key Physochemical Properties Required for
Selectivity between DAT, NET and SERT
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4.1 Introduction

This Chapter focuses on a ligdnased approach to identify key differences between
compounds that will convey selectivity for one monoamine transporters (MAT) over another. At
the time of the study, there were no experimental structuilable for any of the human
MAT isoforms, so employing a ligabdsed approach removed the need for high resolution
crystal structures. From Chapter 3, it was highlighted that limited information regarding
selectivity was gathered from a structubasedapproach, so using a ligatidsed approach has

been employed as a complimentary technique.

Ligandbased approaches can be used to analyse a database of compounds, identify key
phystochemical properties and generate a predictive model of potential bicébgictivity627,

In particular, Quantitative Structure Activity Relationship (QSAR) modelling is a method widely
employed in esearch and industry to achieve this This approach relateshemical structure,

and calculated physicochemical properties to experimentally observed biological activity using
mathematical regression models which can then be applied to a virtual library of compounds in

an effort to identify novel compounds with patéal to bind to the receptor of interest’.

As previously dzissed in Chapter 3, there is a large degree of promiscuity with respect to new
psychoactive substances (NPS) and their binding to the human MAT isoforms. Compounds that
bind to the MATs will, in general, preferentially bind to one of the isoforms (e@#eF, NET or
SERT), but will also demonstrate affinities with the other two MAT isoforms. This chapter will
focus on a ligandbased approach to building QSAR models to identify which physicochemical
properties, if any, a molecule requires for it to prefetiafly bind to one MAT isoform over

another.

4.2 Methods

4.2.1Data set preparation

Two independent datasets?8were identified from the literature and combined to construct

the dataset for the following studiés'®, In total, 31 compounds (Table 4.1) representing a
range of different classes of NPS, and other psychoactive compounds, with experimental
biological activity measurementsr each of the monoamine transporters DAT, NET and SERT

were used in the development of the QSAR models.
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¢tKS O2YLRdzyRA Ay GKS RFEGFASG 6SNB dagl AaKSR¢  dz
Molecular Operating Environmen¥iOE) at physiological pH (pH 7i@)rder to identify likely

physiological protonation. The classification system presented in Table 4.1 was adapted from

the EMCDDA classificatidh and known narcotics in the dataset that fell outsidf the

9a/ 55! OflraairAFAOLGA2Yy gSNB OfraaSR Fa a20KSNRE

Table 41: The name, experimentally determined;pKlue$® for each MAT isoform, chemical
structure and classification of the psychaaetcompounds used in tha Silicostudies on DAT,
NET and SERT.

pKi
Compound DAT NET SE Structure Classification
T
6.08 5.88 4.99 e, Cathinone
1. Mephedrone
H
N

. _ 6.05 6.09 4.14 S ~ Phenethylamine
2. Methiopropamine \ S

3. MethylenedioxyN- o
benzylcathinone H@ _
_ 6.01 537 45 O Cathinone
(MNB-cathinone) <
4.5-APB
(1-(benzofurans- NH, 0

Phenethylamine
yl)propan2-amine) 6.30 6.33 5.78 /
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Compound

5.6-APB
(1-(benzofuran6-

yl)propan2-amine)

6. Desoxypipradrol

7. 5-lodo-2-

aminoindane (3Al)

8. Benzedrone

9. Dimethylamylamine

10. Methylenedioxy
Aminoindane (MDAI)

11. Methylenedioxy
Aminotetralin (MDAT)

12.Naphyrone

DAT

6.63

7.30

5.61

5.64

4.74

5.12

5.20

7.28

pK
NET

6.52

6.26

6.09

5.50

5.77

5.78

5.64

6.70

SERT

5.26

4.27

5.75

4.75

3.75

4.93

5.65

6.63

Structure Classification

Phenethylamine
Y/ y

g Piperidines &
Pyrrolidines
(T
/©i>M NH, Aminoindane
|

E i
©)K§/N Cathinone

| Others

O
< mNHz Aminoindane
O
O
"OiE: > Phenethylamine
H,N O

Cathinone
N

NH,
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Compound

13. 1-Naphyrone

14.
Methylethcathinone

15. Amitriptyline

16. Nomifensine

17.Cocaine

18. RMDMA

DAT

7.32

6.08

4.61

6.90

6.19

5.21

pKi
NET

6.27

5.36

7.00

7.07

5.20

5.50

SERT

6.45

5.43

7.83

5.56

5.62

517
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Structure
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Classification

Cathinone

Cathinone

Others

Others

Others

Phenethylamine



Compound

19. SMDMA

20. SAmphetamine

21.Fluoxetine

22.RTi55

23. WIN35428

24.GBR 12935

25.Bupropion

DAT

5.62

6.54

5.04

8.49

7.58

7.67

5.56

pKi
NET

5.70

6.20

5.20

8.60

7.50

6.65

5.86

SERT

5.56

4.78

6.55

9.31

6.90

5.19

4.35

Structure

L
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Classification

Phenethylamine

Phenethylamine

Others

Others

Others

Piperazine

Cathinone



pKi

DAT NET SERT
Compound

_ _ 6.32 8.29 6.42
26. Nisoxetine

_ _ 410 840 7.21
27.Desipramine

486 8.47 6.79
28. Nortriptyline

756 8.49 6.82
29. Mazindol

\

101

@)

C

Structure

Classification

Others

Others

Others

Others



pKi
Compound DAT NET SERT Structure Classification

30. Imipramine 501 7.17 8.11
Others
N~
|
F
D
_ 500 6.00 8.27 N Others
31.Citalopram \
(L

4.2.2ldentification of a diverse subset

The NPS dataset (31 compounds) was uploaded into the’M@ffware. Three training sets
were identified, one for each of the MAT isoforms (DAT, NET and SERT), using FP:MACCS

structural keys as the diversity metric.

Each dataset was divided into a diverse training set (80% afateesetg 25 compounds) and a

test set (20% of the datasett compounds), using the diverse subset application in MOE. The
training sets for each MAT isoform were then used to build and validate QSAR models. As the
pKi values of individual compounds varibetween DAT, NET and SERT this resulted in the

training and test sets for each of the isoforms being comprised of different compounds.

A second method for identification of diverse subsets to create training and test sets for each of
the MAT isoforms waalso used for comparative purposes. This time, the training sets were

compiled by looking at Tanimoto coefficientg)f¥ across he dataset as a whole. This approach
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was used to ensure that the training and test sets each contained compounds that represented

the whole range of structural diversity of the dataset, as demonstrated by thealles.

To this end, a similarity coeffeit matrix based on structural similarity of the entire dataset,
was produced using the open access software OpenBabehich calculates pairwisecT
between compounds. The averagefdr an individual molecule was then calculated based on
the pairwise values obtained for all compounds in the dataset. Any compounds which were
shown to fave an average Tc of less than 0.2 were deemed significantly different from the

remainder of the dataset, and were removed from the study.

Having calculated average Tc values for each of the compounds, the molecules in the dataset
werethenplacedinto 213 dzy A i doAyaé I+ OO0O2NRAY3I (G2 BKSAN SEI
5-6, 67 etc.). For each bin, the molecules that had the highest and lowest pKi values in the bin

were placed in the training set. The remaining compounds in the bin were then adaysl

selected for either the test or training set based on their Tc scores i.e. molecules that had the

highest averagecvalue, and hence were most like other molecules in the dataset, were placed

in the test set. It is important that the training andst sets both represent the dataset as a

whole in order to be able to generate and appropriately evaluate QSAR m@dels

As before, 80% of the compounds were placed in the training set, and 20% of the compounds
were placed in the test set. The distrilia of the T and pKvalues were examined to ensure

that the training and test sets were selected to mirror the dataset as a whole. The training and
test sets that resulted for each of the MAT isoforms were evaluated for normality using the

ShapireWilkstest??3,

4.2.3 Descriptor Selection for QSAR Models

A molecular database (MDB) for each of the MAT isoforms was curated in MOE. This MDB file
contaired only the training set compounds identified for a specific MAT isoform and the
biological data pertaining to that MAT isoform. A total of 435 molecular descriptors (see
Appendix A) were calculated for each molecule using the descriptor calculator &ipplica

MOE. The descriptor values were scaled relative to their maximum reported values to obtain
values ranging betweesi and 1 for all descriptors and were then correlated to the pKi values

of the compounds i.e. a correlation matrix was produced.
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Corelation coefficients between pkand descriptor values that were above 0.7 (positively
correlated) or below-0.7 (negatively correlated) were identified. The molecular descriptors
were ranked (in descending order) in terms of absoléteatues. The top 26 of the descriptors

were then used as the initial set of descriptors in the construction of the QSAR models. Using
the correlation matrix, these descriptors were systematically checked for -carsslation
against other descriptors in the list. If onesteiptor correlated to another descriptor with a
correlation coefficient above 0.7 or belo®.7 then the descriptor shown to correlate least with
biological activity was removed from the list. This was to avoid-mtesentation of any single

type of physicochemical property in the final QSAR models.

4.2.4 Building and evaluating QSAR models

QSAR models were built for each MAT isoform using both the estimated linear model (ELM)
protocol and the Estimated Normalized Linear Model (ENLM) protocols of ta8ARI module

in MOE. A correlation coefficieng{ralue) and a crosgalidated correlation coefficient tyalue)

were generated and used as measures of the initial model quality. From these initial models,
the molecular descriptor shown to be contributiieast to explaining the variance in the data
was removed and a new QSAR model was generated using the remaining descriptors. This
descriptor removal process was carried out iteratively until thand ¢f values were in close
proximity to one another, ath the model had the highesf values possible using the least
number of molecular descriptors. The resultant best model for each MAT isoform was then used
to predict the biological activity of the compounds in the corresponding test set. The correlation
between the biological activity and predicted activity of the test set compourfjisvérs used to
evaluate the predictive ability of each of the models. The extreme studentized deviaté test
was employed for outlier detection, this was applied to the test set predicted pKi values
obtainedfor the optimised DAT, NET and SERT QSAR models.

4 .3 Results and Discussion

4 .3.1 Identification of the diverse subset

Figure 4.1 shows the distribution of molecules in the FP:MACCS and Tanimoto trainings sets,
with reference to the experimentally derived pKi, and the distribution of the activity of the
molecules across the dataset as a whole. When comparindigiebutions, it can be seen that

the Tanimoto training set is a better representation of the distribution of molecules across the
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dataset as a whole than the FP:MAGQIe8ved training set. Specifically, this is because the
distribution of molecules in the most hedy populated area of the dataset (between pkj B)

for the Tanimotederived training set mirrors the general trend across the dataset as a whole,
which is not the caséor the FPMACGCS8erived training set, which places a disproportionately
greater numker of compounds from the pKiGrange into the training set, when compared with

the dataset as avhole.
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Figure 4.1: The distribution of all compounds classified by pKi value for all compounds in the
dataset (blue), theompounds in the Tanimoto training set (orange) and the compounds in the
FP:MACCS training set (grey).

Both training set&entified FP:MACCS and Tc) were used to construct QSPR models for the DAT
isoform. As the training sets were different, the testsased to assess the predictive ability of

the models produced were also different. The compaosition of the two different test sets is given
in Table 4.2.
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Table 42: A, The FP:MACCS DAT test set compoasdsciated pKi values and average pairwise

Te. B, the Tanimoto DAT test set compounds, associated pKi values and average pairwise T

A FP:MACCS pKivalue Average B Tanimoto pKivalue Average
derived test set painise derived test set pairise
Te Te

Mazindol 7.56 0.21 Mazindol 7.56 0.21
Mephedrone 6.08 0.42 Mephedrone 6.08 0.42
MDAI 5.12 0.35 MDAI 5.12 0.35
Nortriptyline 4.87 0.33 Nortriptyline 4.87 0.33
Dimethylamylamine 4.74 0.17 6-APB 6.54 0.31
Cocaine 6.19 0.27 1-Naphyrone 7.28 0.42

Given the overlap between the test set molecules, it was expected at this stage that the
methodologies for generating the QSA&Ruations would be broadly equivalent, and as such it
would be expected that models of similar robustness and predictive abitityd be produced,

regardless of the training and test set used to build and validated them.
4.3.1.2 InitialQSAR Model for DAG FPMACCS Derived training set

Initial QSAR models (see Equations 4.1) for DAT were built and validated using the FP:MACCS

training/test set andtheir predictivity and robustness interrogated (Table 4.2).

5-descriptor model for DAT (FP:MACCS training set)

pKi /SD pKi)= 11.4844-0.36724 * E_sol / SD(E_se0)33315 * npr2 /SD (pr2) +0.19984 *
PEOE_VS@&/ SD(PEOE_VH)-0.19889 * SlogP_VSA5 / SD(SlogP_V-84A8)776 * vsurf_HB1
/ SD ysurf_HB1)

4-descriptor model for DAT (FP:MACCS training set)

pKi /SD pKi) = 11.68670.34777 * E_sol / SD(E_s0IB2113 * npr2 /SD fpr2)0.41605 *
SlogP_VSAS5 / SD(SlogP_VSiE)A56 * vsurf HB1$D ysurf_HB1)

3-descriptor model for DAT (FP:MACCS training set)

pKi /SD pKi) = 11.20470.44253 * E_sol / SD(E_s0I85306 * npr2 /SD fipr2)-0.39015 *
SlogP_VSAS5 / SD(SlogP_VSAB)
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Equations 4.15, 4 and 3escriptor QSAR estimated normalized linear models built using the
DAT training set derived using the FP:MACCS structural keys in conjunction with the MOE diverse
subset tool.

To evaluate how well the models predicted the activity of unseempmmnds the MACGS
derived DAT QSAR models were applied to the test set (as shown in Table 4.2). The correlation
between predicted pKi and the experimental pKi was obtained, and used as a measure of the
predictivity of the models. The robustness of the mtsdeasassessed by comparing theand

g? values obtained from training the model. The results of this investigation are given in Table
4.3.

Table 4.3: Summary of the?rand ¢ values for the three begperforming different esmated
normalized linear QSAR models (Equations 4.1) developed for DAT using a training set identified

via the diverse subset application in MOE.

Model FP:MACCS training set FP:MACCS test s¢
r2 P r2
5 - descriptor 0.73 0.52 0.19
4 - descriptor 0.70 0.54 0.21
3 - descriptor 0.65 0.50 0.22

The FP:MACQ@®rived 5descriptor model had the highestvalue and a relatively higlf galue

for the training set, which indicated that the model fitted the training set data well and appeared
to be robust. However, when the model was applied to the FPMAZJSest set arfvalue of
0.19 was obtained, which indicates poor predictive gbiliThe 3 and 4lescriptor models
produced comparable?and ¢f values (Table 4.3) to thedescriptor model. As a rule of thumb,
models with fewer descriptors tend to be more generaliz&BleAs such, these models were
also applied to the FPMAGOAT test set to see if a model with fewer descriptors would have
better predictive ability. Marginal, but not significant, increases were observed with test set r
values of no greater than 0.22 obtained. This indicated that all three FPM#eZi@&d models

were not predictive and suggests that the model could be dierd.

Overfitting is a phenomenon whereby a model is able to predict, to an acceptable level, the
activities of the compounds found in its training set, but is unable to mirror this predictivity when
applied to an unseen test set of molecules i.e. it isgeteralizable. Often this is the result of a

physcochemical property being over represented and/or the model including more descriptors
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than is necessafsf, but given that care has been taken to remove ciosselated descriptors,
and the fact that the maximum number of descriptors examined in this study is five (giving a
maximum ratio of five record® each descriptor) these reasons for poor model performance

are unlikely.

Overfitting can also be a consequence of constructing the initial model using an inappropriate
or unrepresentative training and/or test sets, which seems the most likely scefarithis
experiment. If we examine the test set, it is noticeable that two of the compounds (nortriptyline
and Dimethylamylamine) come from the molecules demonstrating a pKi between 4 and 5, the
lowest end of the experimental activity range. Previous stgfdf have shown that QSAR models

can be sensitive to experimental data at the extremes of the data range, and having a test set
containing two molecules which appear at the lowest end of the activity range could be one of

the reasons that the model doemt appear to be generalisable.

It is also unreasonable to expect a descrighased QSAR model to be able to accurately predict
the activity of a molecule that has a significantly different in terms of its chemical structure when
compared to the molecukein the training set used to derive the QS#ARdel. Experiments
showed that dmethylamylamine had an average pairwise Tanimoto similarity, when compared
to all other molecules in the dataset of 0.17. That means, this molecule was significantly
structurally different to every other molecule in the dataset, and hence expecting a model to be

able to accurately predict the activity of such a disparate molecule is unreasonable.

To test the impact of inclusion of this structure on the perceived predictivetyatfi the
FPMACGS8erived DAT model, it was removed from the test set. Phalue for the DAT test

set (for the 3descriptor model) increased from 0.22 to 0.63. This highlights the importance of
the construction of appropriate test and training sets aigriQSAR construction and validation,
and highlights the potential limitations of automated tools for generating diverse test and

training sets, especially where the size of the dataset is limited.

Although suctpost hocrationalisation of results is abletexplain the poor performance of a
QSAR test set, it is of interest to identify a methodology for determining a training and test set
which would ideally eliminate the need to carry out such analyses. As such, an alternative
method for identifying represatative training and test sets for constructing the QSAR models
was investigated based on calculating the pairwise similarity coefficients of molecules and using
these, alongside the known biological activity of the molecules, to manually assign test and

training sets for the MAT isoforms.
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4.4.1Similarity Coefficients

Having identified dimethylamylamine as being structurally unrelated to the other compounds in
the NPS dataset used to construct the QSAR models, average pairwise Tanimoto coefficients
were calculated to establish if any other compounds were distinctlyndilss to the rest of the
molecules in the dataset, as this had already demonstrated the potential to impact on the

apparent quality of any models developed.

For example, if a structurally dissimilar compound was placed in the test set without having its
chemistry represented in the training set, it would be impossible for any model generated to
accurately predict the activity of this dissimilar compound (any predicted values would be
artefactual) and hence this could give an inaccurate representationeofitiality of the model,

as was the case for the FP:MA&ie8ved model (Section 4.3.1.2). As such, compounds that are
distinctly dissimilar from all others should be removed from the dataset prior to test and training
sets being defined and models beingnstructed. For the purposes of this experiment an
average Tc value of less than 0.2 was the threshold for a molecule to be considered significantly

dissimilar to the others in the dataset.

Only ore compound in the dataset had an average Tc value of less than 0.2. Dimethylamylamine
had the lowest average similarity coefficient of 0.17 (+ 0.15) (see Figure 4.2 fedath}. It
was removed from the dataset prior to the construction of the modelsdal on the T-derived

training sets and test sets.
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1 2 S 4 5 6 7 8 9110|111 12) 13| 14| 15| 16| 17 18] 19| 20 21| 22| 23| 24| 25| 26| 27| 28] 29| 30| 31 |Average
1 1 ]0.39 0.40 0.4 0.4 0.49 0.4 0.74 0.19 0.29 0.27 0.6 0.64 0.9 0.2§ 0.29 0.2§ 0.37] 0.37 0.6§ 0.33 0.3(4 0.31) 0.3§ 0.71) 0.3§ 0.2§ 0.2§ 0.194 0.2§ 0.2 0.42
2 1039 1 |0.21 0.27 0.2 0.3 0.27 0.29 0.1 0.21] 0.19 0.31§ 0.3} 0.34 0.2 0.19 0.1§ 0.27] 0.27 0.3¢9 0.21) 0.2 0.2 0.21] 0.34 0.2 0.2 0.2(4 0.11) 0.2(4 0.1 0.26
3 1040 0.213 1 |0.23 0.22 0.39 0.2 0.5 0.09 0.64 0.59 0.4( 0.4( 0.44] 0.1 0.3( 0.21] 0.74 0.74 0.2§ 0.33 0.24] 0.24 0.23 0.4 0.33 0.32] 0.1§ 0.2 0.194 0.2 0.36
4 ]10.4240.270.23 1 | 0.82 0.3 0.39 0.34 0.11) 0.29 0.27 0.3¢9 0.3 0.4(4 0.23 0.22 0.1 0.29 0.29 0.5¢ 0.2 0.2 0.2 0.2 0.37 0.27 0.2§ 0.23 0.1§ 0.24 0.2 0.32
5 10.4(0 0.25 0.2 0.800 1 | 0.3 0.37 0.33 0.1(4 0.2 0.2¢ 0.34 0.34 0.3§ 0.2 0.2]] 0.1§ 0.2 0.2¢ 0.5 0.24 0.21] 0.21) 0.2 0.3§ 0.2 0.24 0.22 0.13 0.24 0.19 0.31
6 ]10.49 0.3 0.300 0.3 0.3 1 | 0.44 0.45 0.25 0.34 0.3 0.6 0.6 0.53 0.3§ 0.42] 0.31 0.37] 0.37] 0.53 0.33 0.44] 0.4 0.43 0.47] 0.34 0.25 0.35 0.21] 0.2§ 0.33 0.41
7 10.420.27 0.28 0.39 0.37 0.44 1 ] 0.35 0.14] 0.4¢9 0.3¢9 0.4Q 0.4(0 0.4(f 0.2§ 0.29 0.1§ 0.39 0.39 0.53 0.29 0.37 0.29 0.2 0.37 0.3( 0.24 0.2§ 0.1 0.24 0.29 0.35
8 ]0.74 0.29 0.5¢ 0.34 0.33 0.45 0.3 1 | 0.14 0.2 0.2 0.6]§ 0.6} 0.81] 0.24 0.42] 0.27 0.34] 0.34 0.47] 0.31) 0.29 0.29 0.3]] 0.6§4 0.3]] 0.24 0.24 0.27] 0.24 0.23 0.39
9 10.19 0.1¢4 0.094 0.17] 0.1 0.2 0.14 0.14 1 ] 0.0§4 0.094 0.2( 0.2(4 0.17 0.11] 0.12] 0.1 0.1 0.1 0.17 0.1§ 0.1¢4 0.17 0.1§ 0.1§ 0.1 0.12] 0.11§ 0.07 0.1 0.14 0.17
10 ] 0.29 0.21) 0.64] 0.29 0.28 0.34 0.4¢ 0.2 0.0§4 1 | 0.81) 0.31) 0.31} 0.31) 0.2(4 0.23 0.1¢ 0.84 0.84 0.39 0.34 0.25 0.2q 0.24] 0.2 0.3§ 0.21} 0.2(4 0.14] 0.2]) 0.2 0.35
11 ] 0.27 0.19 0.59 0.27] 0.2 0.3§ 0.3 0.2 0.09 0.8} 1 ] 0.3 0.3 0.28 0.21 0.2 0.19 0.7 0.79 0.3 0.37] 0.29 0.29 0.27 0.2 0.39 0.2]] 0.21) 0.14] 0.21} 0.27] 0.35
12 ] 0.64 0.31 0.4 0.3¢9 0.34 0.6 0.4 0.61) 0.2 0.3 0.3 1 | 1.0 0.7 0.2 0.31} 0.3 0.34] 0.34 0.47 0.3]] 0.44] 0.45 0.34 0.6§ 0.3 0.24 0.27 0.2]] 0.24 0.27] 0.42
13 ] 0.64 0.31) 0.4(4 0.3¢9 0.34] 0.6 0.4( 0.61] 0.2Q 0.31] 0.3 1.0 1 | 0.7 0.2¢ 0.31] 0.3¢ 0.34 0.34 0.47 0.31 0.44 0.45 0.34] 0.6 0.3 0.24] 0.27 0.21] 0.24 0.27] 0.42
14 ] 0.97) 0.34 0.44 0.4(4 0.3§ 0.53 0.4 0.8} 0.17) 0.31 0.2§ 0.7 0.7 1 | 0.27] 0.3 0.3Q 0.39 0.39 0.57 0.33 0.3 0.32 0.3 0.7§ 0.3 0.2 0.27 0.2]] 0.2 0.2 0.43
15] 0.2 0.2(4 0.1§ 0.23 0.2 0.3 0.2§ 0.24] 0.11 0.2(4 0.21] 0.27 0.27 0.27] 1 | 0.2¢9 0.1 0.2 0.2 0.29 0.25 0.24 0.23 0.2¢ 0.2 0.2 0.2¢ 1.090 0.19 0.2 0.2§4 0.29
16 ] 0.29 0.19 0.3 0.2 0.21 0.47 0.29 0.42] 0.12] 0.23 0.2 0.31) 0.31] 0.3 0.2 1 | 0.1§ 0.24 0.24 0.2 0.23 0.2 0.23 0.2 0.29 0.2 0.2¢ 0.2¢ 0.3]] 0.2 0.2 0.28
17 ] 0.2 0.1 0.21] 0.1 0.1 0.3} 0.1§ 0.27 0.14 0.14 0.19 0.3¢9 0.3 0.3 0.1 0.1 1 | 0.19 0.19 0.1§ 0.34 0.5¢ 0.57] 0.34 0.2 0.3§ 0.1¢ 0.1 0.17] 0.1 0.34 0.27
18 | 0.37] 0.27] 0.74 0.29 0.2§ 0.37 0.3q 0.34] 0.1 0.84] 0.79 0.34] 0.34 0.394 0.2 0.24 0.19 1 | 1.0 0.3§ 0.40] 0.2¢ 0.2 0.28 0.3§ 0.4} 0.23 0.2 0.1§ 0.23 0.24 0.38
19 ] 0.37] 0.27] 0.74 0.29 0.28 0.37 0.3¢9 0.34 0.12] 0.84 0.79 0.34 0.34 0.39 0.2 0.24] 0.194 1.000 1 | 0.39 0.4Q] 0.2 0.24 0.2§ 0.3 0.4 0.23 0.22 0.1 0.23 0.24 0.38
20 ] 0.6 0.39 0.2 0.5 0.5 0.53 0.5 0.47] 0.17] 0.3 0.3 0.47] 0.47 0.57) 0.29 0.2§ 0.1 3.80 3.8 1 | 0.33 0.27] 0.28 0.33 0.48 0.35 0.28 0.29 0.1 0.2§ 0.24 0.61
211 0.33 0.21) 0.33 0.2 0.24 0.33 0.29 0.31) 0.1 0.34 0.37 0.31) 0.31] 0.33 0.2 0.23 0.34 0.4 0.40 0.33 1 | 0.37] 0.3 0.45 0.29 0.84 0.2 0.25 0.21] 0.2 0.3 0.34
22 ]| 0.3 0.200 0.24 0.2 0.2} 0.44] 0.37 0.29 0.1¢ 0.2 0.29 0.44 0.44 0.3 0.2 0.2 0.5¢4 0.2¢ 0.2 0.27 0.37] 1 | 0.85 0.3 0.29 0.3 0.23 0.2 0.17 0.23 0.30 0.33
23] 0.3]] 0.2 0.24 0.2 0.21} 0.4 0.29 0.29 0.17] 0.2 0.29 0.45 0.45 0.3 0.23 0.23 0.57 0.2¢9 0.2 0.24 0.3 0.8 1 ] 0.34 0.3( 0.39 0.23 0.23 0.17 0.23 0.3q 0.34
241 0.33 0.21) 0.2§ 0.2 0.2 0.43 0.2§ 0.31) 0.1§ 0.24 0.27] 0.34 0.34 0.35 0.2 0.2 0.34 0.2§ 0.2§ 0.33 0.44 0.324 0.34 1 ] 0.3(4 0.47 0.22 0.2 0.2 0.224 0.39 0.32
251 0.7]] 0.3 0.4 0.2 0.3 0.47 0.37 0.6§ 0.1§ 0.2§ 0.2¢ 0.6§ 0.6 0.7§ 0.2 0.2§ 0.2 0.35 0.3§ 0.4§ 0.29 0.29 0.304 0.3 1 | 0.3 0.24] 0.2 0.23 0.24 0.2 0.39
26 | 0.35 0.2 0.33 0.37] 0.2 0.34] 0.3(4 0.31} 0.1¢ 0.3 0.39 0.3 0.3 0.35 0.2 0.21} 0.3§ 0.4]] 0.41] 0.3 0.84] 0.3 0.39 0.47 0.3¢0 1 | 0.2 0.2 0.2(4 0.22 0.39 0.35
27 10.24 0.2 0.19 0.27 0.24] 0.2 0.24 0.24 0.12] 0.21) 0.2]] 0.24 0.24 0.2 0.2 0.2 0.1¢ 0.23 0.23 0.2§ 0.2 0.23 0.23 0.2 0.24 0.2 1 | 0.2 0.1 1.0 0.2 0.28
28 10.24 0.2 0.1 0.2 0.2 0.3 0.24 0.24 0.11 0.2 0.2]] 0.27 0.27 0.27] 1.0(4 0.2 0.1¢ 0.2 0.2 0.29 0.2 0.25 0.23 0.2 0.2 0.25 0.2 1 | 0.19 0.2 0.2 0.29
29| 0.19 0.11 0.2 0.13 0.1 0.21} 0.1 0.27 0.07] 0.14] 0.14 0.21) 0.21) 0.21) 0.194 0.31} 0.17 0.1 0.1§ 0.1§ 0.21] 0.17] 0.17 0.2§ 0.23 0.2(4 0.14 0.194 1 | 0.1§ 0.23 0.21
30 ] 0.24 0.2 0.19 0.2 0.24] 0.2 0.24 0.24 0.12] 0.21) 0.2]] 0.24 0.24 0.2 0.2 0.2 0.1¢ 0.23 0.23 0.2§ 0.2 0.23 0.23 0.2 0.24 0.2 1.0(§ 0.2 0.1§ 1 | 0.21 0.28
31]0.2¢9 0.14 0.2 0.2(4 0.19 0.33 0.29 0.23 0.14] 0.2 0.27] 0.27 0.27] 0.2 0.2 0.2 0.34] 0.24] 0.24] 0.24 0.3¢ 0.3 0.3¢ 0.39 0.2 0.3 0.21 0.2§ 0.2§ 0.2} 1 0.29

Figure 42: Correlation matrix of the pairwise similarity coefficients for the 31 compounds in the dataset (see table 4.1 for compotihée Bore
similar a compound is to another, the higher the value of the coefficient. All pairwise values less than 0.2@hlagketéd in red to give a visual
representation of which compounds are most dissimilar to others in the dataset, and the final column of the correlatiarisnh&iaverage value of
similarity coefficients for a compound in relation to the dataset aghale. Compound 9 (Dimethylamylamine) has a much lower avera@ell’) in
comparison to the rest of the dataset which indicates this molecule is structurally dissimilar to the rest of the datadeiddahot be used to construct
and validate models
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4 .4.2 Diverse Tanimoto Subsets

The Tanimoteaderived training and test sets for DAT, NET and SERT were identified using/tieqsK

as the discriminant variable. Figure 4.3 shows the distribution of pKi for the molecules for all three
MAT isoforms, DATHEY and SERT across the dataset as a whole. It should be noted that SERT has the
largest range of experimental pkalues (7 log units) for the molecules in the NPS dataset. The range

of experimental pKi values for DAT and NET is smaller (5 log unitgtipr bo

Normal distribution of the experimental values is observed for both DAT and SERT (99% confidence
using the ShapirdVilks test). However, this is not true for NBVhen the same statistical test was
applied to NET, and based on thevalue at the 90%anfidence limit, it was determined that the
distribution of NET is not normal (i.e. it is skewed). If data is not normally distributed, the model will
not be able to accurately predict pKi values that fall outside of the normal distribution range. This
potentially places inherent limitations on any predictive models developed for the NET isoform, which

will need to be ameliorated by the careful selection of appropriate test and training sets for this MAT.
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Figure 43: The distibution of pKi values, represented in one log unit divisions, across the NPS in the
dataset as a whole for DAT (blue), NET (orange) and SERT (grey).

To ensure the training sets for each of the MAT isoforms were as structurally diverse as possible,
similarty coefficients (see Figure 4.2) were used to guide whether a molecule was placed into the
training or test set, as described in the methods section above. This was carried out to increase the
degree of dissimilarity between individual members in the tiragnset, whilst ensuring the training

and test sets were still representative of the overall dataset, with an overall ambition to achieve the

most generalizable QSAR models possible.
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The resultant training and test set for each of the MAT isoforms cordait@mpounds that
represented the spread of p¥alues across the dataset as a whole (which can be seen in Figures 4.4,

4.5 and 4.6).

12
10

Number of compounds
o N N (o)} o]

4-5 5-6 6-7 7-8 8-9

pKi values

m All ligands ® Training set = Test set

Figure 44: The distribution of pKi values for the dataset compounds in theddRSet for DAT (dark
blue) compared to the relative distributions in the training (blue) and test (light blue) sets used to build
and validate the Tderived DAT QSAR model.

The distribution of pKi values for both test and training set in DAT were n@pr@002, W=0.967,H

is accepted). The pKi ranges with the largest number of molecules weregpiid pKi &. Both the

test and training sets reflected this overall distribution. Figure 4.4 shows that the trend of pKi values
for the training set was irrored by the test set. However, as there was only one compound (for the
entire DAT dataset) that had a pKi of above 8, there was no capacity to have a test set compound in

this pKi value range.
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Figure 45: The distributiorof pKi values for the dataset compounds in the NPS dataset for NET (dark
orange) compared to the relative distributions in the training (orange) and test (light orange) sets used

to build and validate the NET QSAR model.

The distribution of pKi values fOIET did not have a normal distribution from pKi range(@=0.902,
W=0.876, klwas rejected). There was an uneven distribution of pKi values with the compounds
associated with NET. Twertyree compounds out of the total dataset had a p&lue between &/,

with only 1 compound (nortriptyline) having a pKi value in the pKirdnge. Three compounds fell

into the 7-8 pKi range and 4 compounds were located in tHe @i range. Despite the skew of pKi
values for the NET isoform, training and test setsendentified for NET that mirror the distribution

of pKis across the dataset as a whole. This gives the best chance of identifying a QSAR model for the

isoform which is robust and predictive.
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Figure 46: The distribution of i values for the dataset compounds in the NPS dataset for SERT (dark
grey) compared to the relative distributions of the compounds in the training (grey) and test (light

grey) sets used to build and validate the SERT QSAR.

The pKi values for the compoundssociated with SERT had a broader range in comparison to DAT
and NET. The data for SERT were normally distribpte@ 02, W=0.957, Hs accepted). The SERT

pKi values ranged fromB0 for the dataset in comparison to DAT and NET which had a rang@. of 4
The data presented in Figure 4.5 shows that the both training and test sets mirror the distribution of
pKi across the whole dataset thereby showing training and test sets that are clearly representative of

the dataset as a whole.

4.4.3 Descriptor Sel¢ipn

As the pKi values for the compounds in the dataset were different for each of the MAT isoforms the
compounds within the training set and test set for DAT, NET and SERT were different. The differences
in training sets, unsurprisingly, gave rise to afiéht molecular descriptors emerging as being
important for describing the observed variance in pKi for each of the MAT isoforms. Therefore, the
QSAR equations obtained for DAT, NET and SERT are different. Table 4.4 details the differences

between the traning and test sets for each of the MAT.
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4.4.5 Building and evaluating QSAR models

Table 44: The names of the compounds that formed the training and test sets for the DAT, NET and
SERT QSAR models.

Name ofcompound in each training and test set

DAT Model NET Model SERT Model

Training set Test set Training set Test set Training set Test set
5-APB 6-APB 1-Naphyrone 5-1Al 1-Naphyrone Amitriptyline
5-lodo-aminoindane; Nortriptyline | 5-APB Bupropion | 5-APB Bupropion
Benzedrone Mazindol 6-APB Citalopram | 5-lodo-aminoindane;{ Cocaine
Bupropion MDAI Amitriptyline Fluoxetine | 6-APB Imipramine
Citalopram Mephedrone | Benzedrone Mazindol | Benzedrone Naphyrone
Cocaine 1-Naphyrone | Cocaine WIN 35428| Citalopram Nomifensine
Desipramine Desipramine Desipramine

Desoxypipradrol
Fluoxetine

GBR 12935
Imipramine
MDAT
Methiopropamine
Methylethcathinone
MNB-cathinone
Naphyrone
Nisoxetine
Nomifensine
Amitriptyline
R-MDMA

RTi55
SAmphetamine
SMDMA

WIN 35428

Desoxypipradrol
GBR 12935
Imipramine
MDAD

MDAT
Mephedrone

Methiopropamine

Methylethcathinone

MNB-cathinone
Naphyrone
Nisoxetine
Nomifensine
Nortriptyline
R-MDMA
RTI55
Samphetamine

SMDMA
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Desoxypipradrol
Fluoxetine

GBR 12935
Mazindol

MDAI

MDAT
Mephedrone
Methiopropamine
Methylethcathinone
MNB-cathinone
Nisoxetine
Nortriptyline
RTi55

R-MDMA
SAmphetamine
SMDMA

WIN 35428




4.45.1Development of DAT QSAR models

In aneffort to develop a robust system to identify appropriate training and test sets, and to improve
upon the ¢ values obtained for the FPMAG@&ived models outlined above, an investigation was
carried out to determine if altering the composition of the tesd training sets, to ensure that they

are representative of the dataset as a whole, could improve the predictivity of the models.

As such, the training ancest sets for the DAT isoform were-distributed according to structural
diversity, ensuring tat the range of pKis identified for experimental studies were represented in both

of the sets. This was achieved by dividing the dataset into one log unit bins in terms of pKi values and
using averagecValues as a guide to placing molecules into eithigsaor training set, thus ensuring
proportionate representation of chemical structure and observed biological activity in both the test
and training sets (see section 4.2.2). Thald@idved training set for DAT was then used to construct a

new QSAR model

The Tederived DAT training set unsurprisingly identified a different set of descriptors as being
important in predicting the variance in the dataset when compared to the FPMA&@®S8d model.

The iterative process described earlier was employed wheimiging the Tederived QSAR model i.e.

the molecular descriptors in the QSAR model that were ranked lowest in terms of relative importance
for their contribution to explaining the variance in the dataset were removed one by one until an

appropriate modelwith good ¢ and ¢f values and a minimum number of molecular descriptors was

identified.

Table 4.5 shows thé and ¢ values for the estimated normalized linearderived DAT QSAR model.
The model built using 3 descriptors (Equations 4.2) was ideshtificthe most appropriate as this has
the highest # and ¢ values which is indicative of a predictive and robust model, and comprises a

minimum number of uncorrelated molecular descriptors. Hence, the model should be generalisable.

When the 3descriptor model was applied to the Taerived test set, an improvement in the
correlation between the predicted and experimental pKi values over the FPMdeEi@&d model was
observed (Figure 4.7). As such, the methodology for identifying test and training sexsubyning

their experimental pKi and calculated average Tc values was used to construct test and training sets
for the NET and SERT isoforms.
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Table 45: the P and ¢ values for the three different estimated normalized QSAR models developed
for DAT using the 3, 4 and 5 descriptors most highly correlated with biological activity. These models

were built using Fderived training and test set.

DAT Model DAT Tanimotederived DAT Tanimotederived
training set results test set results
r2 q? r?
5 - descriptor 0.76 0.48 0.57
4 - descriptor 0.71 0.40 0.59
3 - descriptor 0.68 0.51 0.63

5-descriptor model for DAT (Tanimotderived training set)

pKi /SD pKi) =6.59630- 0.75775 * b_maxllen / SD(b_madef) +0.48262 * FASA H / SD(FAB) |
0.38144 * opr_leadlike SD 6pr_leadlike)-0.34355 * PEOE_VSA+0 / SD(PEOE_VSA.2B)72 *
vsurf_IW6 /SD ysurf_IW6)

4-descriptor model for DAT (Tanimotderived training set)

pKi /SD pKi) = 5.449 0.74460 * b_maxllen / SD(b_madeaf) +0.52065 * FASA _H / SD(FASA _H)
0.43807 *opr_leadlike /SD ¢pr_leadlike)}0.27305 * PEOE_VSA+0 / SD(PEOE_VSA+0)

3-descriptor model for DAT (Tanimotderived training set)

pKi /SD pKi) = 5.277600.70255 * b_maxllen / SD(b_maxllen) +0.38911 * FASA _H / SD(FAS$SA_H)
0.29130 * opr_leadlike 8D ¢pr_leadlike)

Equations 4.2: 5, 4 anddescriptor QSAR DAT estimated normalized linear QSAR equations. The 3
descriptor model is the most robust, and is built using the descriptors b_maxllen, FASA H and

opr_leadlike.
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Figure 47: Correlation graphs representing theddscriptor QSAR model performance for the T
derived training and test set for DAT. (A) Plot of the predicted vs experimental values of pKi for the
training set according to the QSA#ddel (¢ =0.68). (B) Plot of the predicted vs experimental values

of pKi for the test set according to the QSAR modei@r63), no outliers were detected (P = 0.01)
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4.5.1 Interpreting the 3descriptor T-derived DAT QSAR model

The most predictiv®AT QSAR model was thel@scriptor model built using the Jaerived training
set. A table illustrating the relative importance of the descriptors, as indicated by the QuaSAR module
in MOE is give below (Table 4.6).

Table 46: The molecular descriptors used to build thed€rived 3descriptor DAT QSAR model and
their relative importance for describing the observed variance in the experimental data, as
determined by MOE.

Order of Importance Molecular descriptor Descriptor description
1.000000 b_maxllen Maximum single bond chain length
0.790002 FASA_H Fractional hydrophobic Surface Area
0.386015 opr_leadlike The Oprea rules lealike assessment

If we consider the QSAR model generated in more detaiblwgerve the following. Both b_maxllen
and opr_leadlike have negative signs before the coefficients, and hence can both be considered to be

penalty terms in the overall prediction of biological affinity.

B_maxllen is an integer describing the length of kwegest consecutive single bond chain in a
molecule. The negative coefficient for b_maxllen indicates that a shorter single bond chain length will
predict a higher pKi value. Information regarding the MAT binding sites were taken from Chapter 3 in

an effort to contextualise this observation.

The presence of long single bond chains may allow for a high degree of flexibility within the compound
which may prevent strong proteicompound interaction being formed, in comparison to more rigid
and compact compous (e.g. Desoxypipradrol). A possible argument for this could be based on
entropy, i.e. rigid molecules will have fewer entropic penalties associated with binding and result in a
stronger proteinligand interaction, and hence are predicted to have high€spAgain, this is evident
when comparing RH5 (pKi = 8.49) and Desipramine (pKi = 4.10). This could indicate that less flexible
compounds bind better to DAT, and hence there are steric factors involved in the binding of small

molecules in the DAT bindj site.

Analysis of the DAT binding site (using the homology madegssion number Q0195%:227), shows
that there is a narrowing in the cavity towards the bottom (Figuyxewdhich is where the literature
and the docking studies of Chapter 3 suggest the majority of compoind. The opening to the
cavity has an approximate diameter of 10 A and the bottom of the cavity has an approximate diameter

of 7 A. Compact and rigidatecules may therefore be able to better access, and bind to the bottom
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of the cavity than more flexible ones, and be subject to fewer entropic penalties upon binding. Hence,
this could explain why the b_maxlen descriptor is highlighted as being impdrtaxplaining the

variance in the lescriptor Tederived DAT model.

Figure 4.8: A ¢ overview of the DAT binding site (homology modadcession number Q01959
containing the docked ligand R3% (yellow stick modelB ¢ Zoomed in section of the DAT binding
site, with approximate diameters (in A) at two different regions of the binding site illustrating the

narrowing of the binding site.

Figure 4.8 shows R%% docked into the DAT binding site. This ligand has the highest experimentally
derived pKi value (p&8.50) for DAT. R'Bb also has the small b_max1len value of 2 (the largest being
7) of all the molecules in the dataset. As such, it is unsurprisirighbe3-descriptor QSAR equation
predicts a high binding affinity for R3% (pK= 7.21) which is consistent with its experimentally

determined value.

FASA H is a term describing the water accessible surface area of all hydrophobic atoms of a
compound. A there is a positive coefficient for FASA_H in tiue&criptor DAT QSAR equation this

implies that a greater accessible surface area (of hydrophobic atoms) equates to a higher pKi.

The results obtained from Chapter 3 indicate that hydrophobic intewastare important binding in
the DAT active site, as a large number of the residues that make up the binding site in DAT, and hence
are involved in proteidigand contact, are hydrophobic (e.g. L80, A81, V152, F320 and F326). The

FASA_H descriptor looks thte water accessible surface area (ASA) of all hydrophobic atoms in a
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compound, and it follows that if a hydrophobic small molecule was able to displace the water from
the binding cavity, it would be able to form interactions with the resultant hydroptishbirface area

of the protein.

One hypothesis for why this descriptor is important is as follows. Given the hydrophobic nature of the
binding cavity, it could be energetically favourable to displace the watdrophobic surface contacts

and replace thesewith hydrophobic proteidigand contacts. This is supported by the positive
coefficient in the equation which indicates the more ability there is to form hydrophobic protein
ligand contacts i.e. the greater the water accessible surface area, the highpKih.e. a compound

that can fill the bottom of the binding cavity will have a higher pKi than one which only partially fills it
(see Figure 4.8). This interpretation provides context as to why this descriptor was considered
important for determining kalogical activity, this is supported by the high affinity observed, and
predicted for RTb5 which fills the DAT cavity.

The values that a molecule can achieve with respect to the opr_leadlike descriptor can be, 1 which
denotes that 2 or fewer violation®tthe Opred? drug like criterishave been incurred and 0 which
indicates that the compound has 3 or more violations to the Oprea criteria. The criteria include having
between G2 hydrogen bond donors, between 2 and 9 hydrogen bond acceptors, no more than 8
rotatable bonds and betweendnd 4 rigid bonds. As the coefficient associated with this descriptor is
negative this indicates that any compound that had a value for opr_leadlike greater than 0 would incur
a penalty (reduction in calculated pkalue), this indicates that compounds st not adhere the

Oprea drudike criteria.

All of the compounds in the DAT training set had a calculated opr_leadlike value of 1 (except GBR
12935) which signifies that the compounds have two or less violations of the Opredikdragteria.

The opr_¢adlike descriptor is a composite of a variety of ptyatiemical properties, but opr_leadlike
values obtained give no information on which composite part of the descriptor has been violated.
Therefore, little information can be extracted from this partaudescriptor with respect to its
importance in the QSAR equation. The opr_leadlike had the lowest ranked importance of the
descriptors included in the model which means the values for these descriptors contribute least to the

model.

Consequentlyitish { St & GKIG GKS RSAONARLIIZ2NI FOGa a | ao2l
activities.Removing the descriptor and generating-de&scriptor model shows the training sétand
g? values remain relatively high?@ 0.67, §= 0.50) but the testvalues decreases from 0.63.35.
Generating a simple-8escriptor model, and seeing that it performs less well than thdeS8criptor

model, demonstrates that the opr_leadlike descriptor plays a crucial role as a correction ifactor
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predictivity. To further test the hypothesis of the opr_leadlike descriptor behaving as a correction
factor a further experiment using a modifiedd2scriptor equation was applied (Equation 4.3).
Assuming that the opr_leadlike was a correction factorg hence would be a constan(29310),

the value at the beginning of thedescriptor DAT equation was modified (5.27 7629310 = 4.9845)

PKi /SD pKi) = 4.98450.70255 * b_maxllen / SD(b_maxllen) +0.38911 * FASA_H / SD(FASA_H)

Equation 4.3: Zlescriptor QSAR DAT estimated normalized linear QSAR equations built using the
descriptors b_maxllen and FASA_H. A valuB.89310 was subtracted from the correction factor at

the beginning of the @lescriptor equation.

When equation 4.3 waapplied to the DAT training (minus GBE935) and test sets, having removed
the small number of compounds for which the opr_leadlike value was zero,’thedr ¢¢ values
remained the same. This proved that the presence of the opr_leadlike descriptor indtiel was a

simple correction factor to prevermver prediction

As mentioned earlier, an optimal model should have the highéstatue (which indicates the
predictive ability of the model) and a similar crasdidated ¢ value (which accounts for hombust

the model is). When building a QSARséd on current practickhhe maximum number of descriptors

to be used is a ratio of 1 descriptor for every 5 compoditidEor this rule to be obeyed, a maximum

of 4 descriptors should have been used to build the QSAR models for DAT, NET and SERT. However, in
the case of tk DAT model, use of fewer descriptors produced more accurately predicted pKi values
GKSY FLILX ASR (2 GKS GSad aSido wSIINRAYyFizw{!w RS
commonly mentioned which suggests that a reasonable QSAR model will have a small number of
simple descriptors and the simpler the modeétbetter the predictive ability. Given these principles

seem to have been borne out for thedgscriptor T-derived DAT model, they were applied to
constructing QSAR models for the NET and SERT isoforms.

4.3.6Development of NET QSAR models

NET QSAR modelere built using thecderived training set. Equations 4.4 show the form of 3, 4 and
5-descriptor NET QSAR models obtained.
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5-descriptor model for NET (Tanimotderived training set)

pK./ SD pKi) = 4.06975 +0.63056 * PEOE_-U$BD(PEOE_VSM+ 0.52082 * PM3_HF / SD(P M)
-0.08051 * Q_VSA_FPNEG / SD(Q_VSA_FPNEG) +0.41258 * vsuSDOWdri_C\W4)0.56082 *
PEOE_VSA+3 / SD(PEOE_VSA+3)

4-descriptor model for NET (Tanimotderived training set)

pK/ SD pK) = 0.4.92208 + 0.482 * PEOE_VSHSD (PEOE_V®A + 0.36602 * PM3_HF/SD
(PM3_HF) 0.36034 * Q_VSA_FPNEG/SD (Q_VSA_FPNEG) + 0.42240 *vsurf_CW4/SD (vsurj_CW4)

3-descriptor model for NET (Tanimoiderived training set)

pK / SD pKi) = 6.02884 + 0.40054 * PEOE -0SASD(PEQR/SAD) - 0.39877 * PEOE_VSA+3 /
SD(PEOE VSA+B)42037 * Q VSA FPNEG /SD(Q VSA FPNEG)

Equation 4.4: 5, 4 and@escriptor QSAR estimated normalized linear models built using-tterived
NET training set.

The performances of the 3, 4 andd&scriptor Tcderived NET QSAR models with respect to their

predictivity and robustness are summarised below (Table 4.7).

Table 47: Summary of the?rand ¢ values for the three begperforming estimated normalized linear

QSAR models (Equations 4.4) for thelfrived NET training and test sets.

NET Model NET Tanimoto training set results ~ NET Tanimoto

test set results

r2 g r?
5 - descriptor 0.66 0.44 0.11
4 - descriptor 0.62 0.39 0.13
3 - descriptor 0.60 0.39 0.10
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Figure 49: Plots to show the performance for the NET Q8#el Tcderived training and tesset)
(A) Plot of the predicted vs experimental values of pKi for the training set according taldszdptor
Tcderived NET QSAR modél£r0.62), no outliers werdetected P = 0.01). (B) Plot of the predicted
vs experimental values of pKi for the test aecording to the 3lescriptor Tederived NET QSAR model
(r>=0.13), no outliers were detected (P = 0.01)

4.5.2 Evaluation of NEPSARmodels

During the descriptor selection process, it was noted that only electronic descriptors were identified
as beingmportant for explaining the observed variance in the biological activities of tiaeficed

training set for the NET QSAR models. Table 4.8 details the molecular descriptors used to build the
NET QSAR models.

The best performing model was the-derived4-descriptor NET QSAR model, as this produced the
highest # for the test set, and the?rand ¢ values obtained for the training set were similar across the
3, 4 and &descriptor models. The-descriptor NET model returns afvalue of 0.62 for the traing

set, but for the test set the?ivalue achieved, was 0.13.
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These results indicate that the QSAR models built for NET are not generalizable, as they are unable to

successfully predict the biological activity of the test set compounds to an accepable |

Given that care has been taken to ensure that the test and training sets were representative of the
dataset as a whole, and that the descriptors carried forwards to construct the NET models do not show
significant crosgorrelation, the reason thate model is not generalizable is not immediately clear.

As such it was important to examine the descriptors in more detail (Table 4.8), as well as the NET

dataset as a whole.

Table 4.8: The molecular descriptors and the&lative importance used to build the-dlerived 4

descriptor NET QSAR model.

Order of Importance| Molecular descriptor Descriptor description
1.000000 PEOE_VSA Total negative @an der Waalsurface area
0.542010 PM3_HF Heat of Formation (kcal)
0.446303 vsurf_ CW4 Capacity factor at2.0
0.153069 Q_VSA FPNEG | Fractional polar negative VDW surface area

Given that these descriptors were each designed to capture electronic characteristics, they were
checked again to ensure that they were ravbsscorrelated with one another (Table 4.9). None of
the descriptors were correlated to another with an absolute correlation value of 0.7 or greater, and

hence fulfilled the inclusion criteria outlined in the methods section above.

Table 49: Correlation matrix of the electronic descriptors used to build thdedcriptor NET QSAR
model. The values show that none of these descriptors correlate with one another i.e. have values

greater than 0.7, or less thaf.7.

PEOE_VSA | PM3_HF Q_VSA_FPNEC vsurf_CW4
PEOE_VSA 1 -0.03379 -0.256334588 | -0.289223744
PM3_HF -0.033790726 1 -0.602620891 . -0.689260691
Q_VSA_FPNEG -0.256334588 . -0.60262 1 0.58275374
vsurf_CW4 -0.289223744 . -0.68926 0.58275374 1

In an effort tounderstand the poor performance of the NET models, each of the descriptors used in

the construction of the 4escriptor model was examined.
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PM3_HF is a molecular descriptor that calculates the enthalpy of formation, with the overall model
indicating molecles that have a higher calculated enthalpy of formation will result in prediction of a
greater pKi value. There was no obvious relationship between the importance of this descriptor and
the composition of the binding site of NEA.possible explanation fahis may be because the
molecular descriptor PM3_HF is related to a diverse range of phgkmwmical properties and lacks

specificity.

Vsurf_CW4 is a capacity factor that calculates the ratio of hydrophilic surface to the total molecular
surface. The patve coefficient associated with this descriptor indicates that molecules with a greater
relative hydrophilic area will equate to a higher pKi values. Similarities can be drawn between this and
the FASA_H descriptor highlighted as being important fotAg& QSAR model, in that the descriptor

is essentially rewarding those molecules that can form hydrophobic contacts with the hydrophobic
residues in the putative NET binding cavity and is emphasising the importance of a molecule being

able to fill the cavy.

PEOE_VSRis the most important descriptor identified for thedéscriptor NET QSAR model. It is an
electronic descriptor which accounts for the partial charge onvilue der Waalsurface area, in this

case looking at the sum of thian der Waalsurface area that has a partial charge betwe8y05 and

0 i.e. a surface that is very weakly negatively charged, or neutral The positive coefficient associated
with this descriptor indicates that compounds that have a large weakly negative/neutral VSA value
will give rise to a greater pKi value. However, due to the nature of the NET binding site it is expected
that molecules that have positively charged regions would interact better with NET, due to the

dominance of the Asp 75 residue on the electronic charistics of the binding cavity (Figure 4.9).

Q_VSA _FPNEG describes the fractional negative polar VSA, such that the partial charge is less than
-0.2 divided by the total surface area, and is calculated based on the atomic partial charges stored in
the MDB file for a molecule. The negative coefficient associated with this descriptor implies that any
values obtained other than 0 would result in a penalty being applied and a reduction in predicted pKi
value. Analysis of the NET binding site condudte@hapter 3 did not allude to the importance
regarding polarity of the binding site residues; to the contrary 85% of the binding site was composed

of hydrophobic amino acid residues. Again, it is possible that this penalty arises due to the presence
of the Asp 75 residue, and its role in determining the electronic properties of the NET binding cavity.
The electronegative environment created by the deprotonated aspartate would repel molecules with

an overall average negative charga feasible reason as twhy this is a negative term in the best

performing QSAR equation. However, these hypotheses are merely that, and no firm conclusions can
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be drawn from these suppositions. This prevents any meaningful data being taken from the

descriptors associated witthe NET QSAR model.

The almost exclusive interactions by compounds, demonstrated in the docking studies, at the
negatively charged region of the NET binding cafitgure 4.1) could be a reason as to why only
electronic descriptors were suggested by M@Balysis of the NET binding site highlights a large
negatively chargedegion (Figure 4.10

Figure 410: The putative NET binding site (based on the homology model, accession number P23975).
The binding site isoloured according to negatively (red) and positively (blue) charged regions Areas
with no charge are coloured white. The Figure illustrates an aspartate residue (Asp75) which is

responsible for the large negatively charged region highlighted.
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Figure 411: A PLIF diagram to show citalopram bound to the NET binding site. The PLIF shows the
ligand tightly bound in the active site which supports the PEOE descriptor being identified as important
in the 4descriptor NET AR model.

Given that there is little insight gained from analysis of the QSAR as to why the NET models were not
generalizable, attention was turned to examining the dataset itself. The dataset could be the reason
poor QSAR models were generated, as thewenarrow range of pKi values associated with NET which

could the reason the model is not generalizable.

The QSAR model produced for NET could potentially be limited by the uneven distribution of pKi values
which inherently restricted how well the teseiscould be represented by the training set. According

to the ShapireWilks test conducted on the pKi values for NET it showed that the distribution of data
was not norma®® and the majority of the compounds in the dataset (23/31) have a pKi between 5
and 7. This compressioffi the activity range may limit how well the training set could be defined and
therefore how well the QSAR model is able to predict activity. This was identified at the onset; and in
depth analysis of the NET training set was conducted to try and prodinaming set that accurately
represented the dataset as a whole. Representative test and training sets were identified, however
despite this the experiment was unsuccessful and it must be concluded that the most probable cause

is the small datasét with its limited rarge of pKi values.
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4.6.1Development of SERT QSAR r®ode

SERT QSAR models were built using the Tanideteed training set. Equations 4.5 show 3, 4 and 5
descriptor F-derived SERT QSAR models.

5-descriptor model for SERT (Tanimetierived training set)
pKi / SD pKi) = 0.860080.32863 * a_don / SD(don) 4.27612 * E_tor / SD(Eor) +0.58373 *
PEOE_VS®/ SD(PEOE_VBN+0.12663 * BCUT_SLOGP_ 3/ SD(BCUT_SLOGP_3) +0.10300 ¥ FASA+ /
SD(FASA+)

4-descriptor model for SERT (Tanimetierived trainingset)

pKi / SD pKi) = 2.108860.31514 * a_don / SD(a_don) +0.25569 * E_tor / SD(E_tor) +0.57078 *
PEOE_VS®/ SD(PEOE_VSA+0.07779 * BCUT_SLOGP_3/SD(BCUT_SLOGP_3)

3-descriptor model for SERT (Tanimeti@rived training set)

pK/ SD pK) = 3.285274 0.36519* a_don/SD (alon) +0.25467 * E_tor/SD (E_tor) 0.58228 *
PEOE_VS®/ SD (PEOE_\/BA

Equations 4.5: 5, 4 andd®scriptor QSAR estimated normalized linear models built using the SERT

training set devised using diverse subset deglifrom T.

The performances of the;Aerived SERT QSAR models in terms of their predictivity and robustness
are summarised below (Table 4.10).

Table 410: Summary of the?rand ¢f values for the three begperforming estimated normalized linear
QSAR models (Equations 4.5) developed for SERT using a training set identified yidethed

training set

SERT Model SERT Tanimoto training set Resultt SERT Tanimoto

test set results

r2 o r?
5 - descriptor 0.88 0.82 0.73
4 - descriptor 0.86 0.79 0.70
3 - descriptor 0.87 0.80 0.74
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Figure 412: Graphgepresenting the 3escriptor model performance for the Tanimoto training and

test set for SERT. (A) Plot of the predicted vs experimental values of pKi for the training set according
to the QSAR model((~0.87), no outliers were detected (P = 0.01). PB)t of the predicted vs
experimental values of pKi for the test set according to the QSAR méd€l.74), no outliers were
detected (P = 0.01).

4.6.2Evaluation anthterpretation of SERT QSAR models

The 5, 4 and-8lescriptor Tederived SERT QSARdels seemed to perform equally well in terms of
their predictivity and robustness. The near identical values obtained for the training set results for all
models indicates that the fourth and fifth descriptors identified by MOE contribute little/notkong
helping further explain the variance in the experimental pKis for the SERT training set, and hence
should not be considered further. The remainingléscriptor model taken forward proved to be
generalisable as evidenced by the higlvalue obtained fothe T-derived SERT test set. Table 4.11
gives the descriptors used in the-derived 3descriptor SERT QSAR model, in order of importance

with respect to their overall contribution in explaining the variance in theée€fived SERT training set.
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Table 411: The molecular descriptors, relative importance and a description of what they represent,

used in building the Fderived 3descriptor SERT QSAR model.

Order of Importance; Molecular descriptor Descriptor description
1.000000 PEOE_VSA Total negative @an der Waalsurface area
0.627169 a_don Number of Hydrogen bond donor atoms
0.437357 E_tor Torsion energy

PEOE_VS@A (described in section 4.3.6.1) is the most important descriptor identified for the SERT
QSAR model. The positive coefficient associated with this descriptor indicates that compounds that
have a large weakly negative/neutral VSA value will gbeeto a greater pKi value. Again, as for DAT,
this suggests, that largely hydrophobic interactions are going to be the most important factor for

determining activity in the SERT binding cavity.

The descriptor a_don calculates the number of hydrogen lgmrbr atoms (not counting basic atoms

but counting atoms that are both hydrogen bond donors and acceptors sugbHjs The coefficient

for a_don is negative which indicates that molecules containing fewer hydrogen bond donor atoms,
excluding groups likerptonated amines, a motif common across all of the NPS in the dataset, would
result in higher calculated pKi values. The equasinggestdhe ideal is to have no hydrogen bond

donor atoms present other than the protonated amines.

The information obtainedrom Chapter 3 regarding the SERT binding site has five residues with side
chains able to act as hydrogen bond acceptors, (D98, Y175, Y176, S336 and T439, 5 out of 23 residues)
although the interaction between the deprotonated Asp 98 residue and any hgdrbgnd donor is

going to be significantly stronger than the interactions between the HBD and the alcoholic groups on
the tyrosine, serine and threonine sidechairhis is evident from the docking studies, which
exclusively show higtanked poses demonsgdting interaction between Asp 98 and the protonated

amine groups of the NPS.

The requirement for small molecules to have a low number of hydrogen bond donors (with the
exeption of the biogenic amine) also fits with the first descriptor, PEOEQV®Aich shows, by

inference, that hydrophobic molecules with a high degree of neutral/minimally negatively charged
surface area will be favoured to bind in the SERT cavity via their interaction with the hydrophobic

residues therein.

Examination of the dataset skws that a low a_don score is consistent with compounds that have

higher pKi values (Figure 4.12) associated with SERT e5h @ E 9.31), Citalopranpk = 8.27) and
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Imipramine pk; = 8.11) which all have a calculated a_don value of 0. FigliBsidows the chemical
structures of the compounds that have the highegti®values associated with SERT and the lowest 3

pki values associated with SERT.

. L oo

Citalopram RTI-55 Imipramine
pK; = 8.27 pK; = 9.31 pKi = 8.11
a _don=0 a don=0 a_don=0
H O
H
S N~ j<
H

Methiopropamine Desoxypipradrol Buproprion
pK;=4.14 pK; = 4.27 pK; = 4.35
a_don =1 a_don =1 a_don =1

Figure 413: chemicaktructure, associated SERT y#{ues and a_don values for citalopram,-BS|

Imipramine, Methiopropamine, Desoxypipradrol and Bupropion

E_tor are positive values that calculate the potential torsional energy of a compound. E_tor values are
associated wh the overall flexibility of a molecule and a more flexible molecule will have a smaller
E_tor values. R'B5 has the greatest SERT associated pKi value and also the largest E_tor value, in
contrast Methiopropamine has a relatively low pKi and E_tor valbih indicates that molecular

rigidity plays an important role in affinity for the SERT binding site.
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H
Methiopropamine RTI-55
E_tor=3.373 E_tor=18.379
pKi= 4.14 pKi= 9.31

Figure 4.14: the chemical structures, associate SERT pKi values and E_tor valiEES6rand

Methiopropamine.

In order for a proteidigand interaction to occur in SERT, more rigid molecules are favored. This is
similar to DAT as SERT also appear to have a subtle narrowing of the binding site towards the bottom
of the cavity. Figure 48lis a docked conformation of citalopram, the ligand fills the bottom of the
cavity. From docking studies carried out in Chapter 3, ligands that are rigid are able to better access
the the binding site and similar to DAT docking results rigid moleculesimoay fewer entropic

pentalties upon binding.

Figure 4.15: the MOE elcuidated binding site for SERT (accession code 5I175) with a docked

conformatio of citalopram (magenta stick model)
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SERT produced the best QSA&dels (highestr= 0.87, §= 0.80, using 3 descriptors) of the three

MAT isoforms. This could be due to the fact that the SERT dataset had the broadest range of pKi values,
which implicitly facilitates the construction of a more generalizable QSAR thotieladdition to this,

54% of the data setompounds had higher affinities with SERT in comparison to DAT and NET, with
20% of the compounds categorised as Selective Serotonin Reuptake Inhibitor¥¥s8feiefore
providing more information regardg the physiochemical differences that result in the different pKi

values.

4.7 Conclusions

QSAR models have given insight into the properties required of NPS with respect to interaction with
the individual MATs, DAT, NET and SERT. It was possibleafnglar descriptors to highlight how
subtle structural differences may enhance a compounds affinity for one monoamine transporter over

another.

Robust and generalizable QSAR models were built for both DAT (trainidg 6e68, test set §0.42)
andSERT (training setq0.87, test set ¢ 0.80), which could be used to predict the biological activity

of new psychoactive substances. The best performing QSAR models were those associated with SERT,
which is unsurprising given that the dataset for tisisform displayed the widest range of pKi values

(7 log unit span).

From the QSAR models built, it can be seen that there are physicochemical differences that may
convey a degree of selectivity between monoamine transporters. DAT selective compounidisbehou
rigid, with shorter chains of single bonds and should contain have surface areas that are relatively

hydrophobic to facilitate interaction between the small molecule and the DAT binding site.

Similarly,SERT selective compounds appear to favouexitfle, charged moieties and no hydrogen

bond donor atoms present on the compound. These key findings should be considered when
developing DAT or SERT selective compounds. The similarity of molecular descriptors for DAT and SERT
may go to explain why therés promiscuity between the two MAT and the subtle differences in
descriptors between DAT and SERT should be exploited further when attempting to design novel

compounds that are MAT selective.

Issues arose when trying to identify different types of pbtgahemical features, (other than
electronic) that correlate compounds with a large pKi value for NET. From the QSAR models produced
it was evident that electronic descriptors were of most importance for NET, however the compression

of pKi values could possjibe a limit in producing a generalizable model to be built for NET.
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The results obtained from Chapter 3 and 4 have shown that the methods employed are applicable in
identifying what physiochemical properties are required to convey selectivity betweéfiedint MAT
isoforms, and hence this gives confidence that NPS and their receptors can be exploited and
interrogated successfully using computational methods. Therefore, the next stage of this research will
focus on a particular category of NPS, the syhntheannabinoids, and will use computational
methodologies with the aim of identifying a novel library of synthetic cannabinoids that can be

evaluated for biological activity usimg vitroandin vivotechniques.
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Chapter 5

Identification of Novel Compounds with Predicted Affinity

for the Cannabinoid 1 (CB1) Receptor.
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5.1 Introduction

The vast and rapid influx of NPS onto the market has exacerbated the overall detrimental effects of
this group of drugs and it has beceralmost impossible to keep ttp-date records of known NPS. A
review article from Drug Wise BfRstatesthat the rapid discovery and generation of novel NPS may
be due to the rapid growth of the internet and the easy access of disregarded patents from

pharmaceutical companié¥.

Having demonstrated that it is possible to gain insight into the key physicochemical properties that
are implicated in ligand interactions with the monoamine transporters, and hdan®nstrating that

in Silicomethodologies can be applied to new psychoactive compounds, the next stage of this project
was extended to investigate the NPS class of synthetic cannabinoids (SC). This class of NPS dominates
the markef®! and there are recent notifications of SC overdé¥&s* being reported post the
introduction of the Psychoactive Substances act (2016). From the extensive published data on the
number and type of synthetic cannabinoids, and the popularity amongst users for this illicit group of

substances, it was decided to focus the next stage of the investigations on this particular class of NPS.

At the time of this study there were 256 SC listed by the UN&Dm@aking SC the most predominant
class of NPS globally. The arrival of Spice onto the market, an umbrella term for a substances
containing a mi of shredded plantlerived and marmade hallucinogens, typically including a cocktalil
of SC, has presented a formidable public health challenge that affects a number of different societal
groups including the homele%s the incarceratedf and adolescend. Consequently, the SCs pose
one of the biggest public health risks in terms of continued illicit drug use, and as such research into

the next generation of chemical scaffolds with the potential to be exploited as SC is vital.

However, synthetic cannabinoide by no means novel. The chemists Alexandros Makriyannis,
Raphael Mechoulam and John W. Huffman have been investigating the medicinal properties of
tetrahydrocannabinol (THdke compounds, the main psychoactive component of cannabis, for
decades. Théegitimate research conducted by Huffman, Makriyannis and Mechoulam gave rise to

the JWH, AM and HU (respectively) synthetic cannabinoid series, which in recent years have been
GKA2F O1SRe o0& GKS AffS3AF{ RNUzZFC thetoRBUNOANBNYEdzy A (i &
was one of the first generation synthetic cannabinéitieportedly abused, and approximately 230

novel SC molecules have been inspired by this compound. The rapid generation of new SC have
become an urgent matter of public health concedue to the lack of data available on the mechanism

of action within the bod$?*

As previously mentioned, one of the biggest concerns is around the abuse of°%Bité**®also

referred to as K2, which is sold as a herbal incense productpiiddsct, which is actually a number
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of independentlyproduced products each of which results in similar psychoactive effects, has been
reported by the EMCDDA to be emerging at and unprecedente&ratthough each sample of Spice

is different in its exact composition, it is common for all Spice products to contain a number of
different SC including JWB8, JWFD73 and CR7,4973924%p bdzY SNRdza 3f 26-1 f NIBLE
f A1 S¢ &BKdadesbult ozbldice consumption have been published, and the devastating effects

of these drugs reinforces the potentikethality of SC.

Therefore, the following piece of research aims to identify molecules that are as chemically distinct
from known synthetic cannabinoids, but which align to pharmacophores that suggest they will bind to
the cannabinoid receptor 1 (CB1hiF is in an attempt to identify completely novel ligands that

Silicomodelling suggests have the potential to act as SC.

To this end, a library of 162 known synthetic cannabinoids were used in a-ligaed drug design
approach to develop pharmacoptf®models that were then used to identify novel compounds with
potential to bind to the CB1 receptor (and hence give rise to psychoactivity). This database of 162
compounds contains analogues from the westablished JWH, AM and HU SC series as weles ot

previously identified SC compounds that have been reported as being abused.

This chapter will detail how the development of four pharmacophore models based on the structures
of known SCs were used to virtually screen a molecular database consistapgprokimately 17
million compounds to produce a feasible library of molecules that had the potential to interact with
the CBL1 receptor. The compounds that were identified as potential CB1 binders were specifically
selected so as to be structurally dissamilto the known SC but with potential to elicit similar

pharmacological effects

Ultimately, thirteen molecules were identified as potential CB1 agonists based on a number of criteria
including likely propensity for binding to the CB1 receptor, likelihobthe compound crossing the

blood brain barrier, solubility and availability for commercial purchase.

5.2 Method

Figure 5.1 gives an overview of the methodology used to identify novel compounds that had potential

to interact with the CB1 receptor.
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Figure 51: The general strategy employed in this chapter in the identification of compounds that were
chemically distinct from known SC molecules but were predicted to have the potential to bind to the

CBL1 receptor.
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5.2.1 Database curation

A dataset of 162 Swascompiled into a MoleculabDatabase(MDB) using the MOE software. The
molecules in the database were converted into SMILES strings and screened for duplicates. These
compounds were taken from the European Databasbl®fv Drugs (EDN#). A second database of

655 known Nogl Psychoactive Substances (NPS) (including the 162 SC taken from tHéYEDRD

collated and used in the development and optimisation of pharmacophore models.

5.2.2 Clustering systems

Initially, the SC were clustered using the Maximum Common Substructure (MCS) application in
ChemAxot®® ¢ KS Of dza G SNJ RSTFl dzf & LI NI YSGSNE ¢SNBE dza SR
with the default settings (MCS mode = fast, minimal MCS s¥zematching atom types = true, bond

type = true, charge = true, keep rings = true, required cluster count = 1, maximal level count = 10)

In addition, a second clustering system was employed using core chemical scaffolds as the criteria for
clustering. Fothis approach, the scaffold classification system described by Uchigami? was

used and the synthetic cannabinoids were grouped into 15 categories (benzoylindoles, carboxyamide
derivatives, carboxyindoles, classical cannabinoids, cyclopropylindoles, cyclohexylphenols,
naphthoylbenzimidazoles, naphthoylnaphthalenes, naphthoylnodzs, napthoylindoles,

naphthoylpyrroles, pentylindoles, phenylacetylindoles, others and quinolinyl carboxylates).

5.2.3 Pharmacophore development

The pharmacophore models were built from clusters that contained 16 or more molecules. Although
there is @ direct rule for the minimum number of compounds, a leading computational software
manufacturer (Schroding&¥) suggest that no less than 16 ligands should be used in the development

of pharmacophore models

All the compounds in an individual cluster were flexibly aligned with respect to one another using the
flexible alignment module in MOE. Default settings were applied with respect to the alignment i.e.
Iteration limit of 200 and Failure limit of 20. Flexibly aligned motifs were generated and assigned a
value. The value corresponds to a score that quantifies traditguof the alignment for both internal
strain and overlap of molecular features with the structural features present on the aligned motif. The

lower the score, the better aligned all the molecules are.

Using the top ranked/lowest scored flexibly aligmaatif for each group of SCs a set of consensus

features were assigned to the alignment to produce an initial pharmacophore model. The initial model
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gl a dzaSR G2 aSINOK GKS cpp O2YLRdzyR bt { RIGFOF &
descriiBR &4 O2YLRdzyR (KFG KIFIad RSTFAYSR TSI Gdz2NBa (Kl
consensus pharmacophore (two features need to be matched). A buffer of 0.5 A from the centre of a
pharmacophoric feature is applied for the direct overlay of each featura the hit ligands were

ranked by lowest RMSD values, which is calculated between the query features and their matching

ligand annotation points.

The initial consensus pharmacophore models generated were validated by examining how well the
model was abl¢o identify SC from the same class used to develop the pharmacophore in the early
stages (i.e. first ten percent of compounds in the database) in a virtual screen search, using the 655

NPS database established previously.

The top 10% of hits from the Wiral screen, ranked according to how well they fit the pharmacophore
model, were used to calculate an enrichment factarmetric that is commonly used to quantify the

performance of pharmacophore models.

Enrichment factors ¢E Equation 5.1) were calcaated at 2, 5 and 10% of the NPS database search to
establish how many SCs from the class of compounds used to generate the pharmacophore the model

was able to retrieve at those intervals.

Enrichment factotos= (% of relevant S&io+ % of NPS databag 104
Number of SC + number of NPS
Equation 5.1: The equatiéftused to determine the enrichment rate for first 10% of the NPS database

screened.

The pharmacophore model was then interrogated using a Leave One Out (LOO) approach, whereby a
consensus feature was removed and the modifiedrpiecophore model was used search the 655
compound NPS database. Enrichment factors at 2,5 and 10% were calculated for the modified
pharmacophore, and compared to the initial model to see how the enrichment rate was affected by
the removal of a particulaekture. This iterative process was carried out until the highest enrichment

rate was obtained using a model with the fewest possible features.

To give an example, a generalisable pharmacophore model that is selective for a given class of
compounds (e.g. #acarboxyamides) will contain a minimum number of pharmacophoric features and
highly rank molecules that display the pharmacophoric features of the carboxyamides during the
virtual screening process. This will result in the proportion of the molecules thhensarboxyamide

cluster foundin the first 10% of the virtual screen (i.e. the first 10% of the database ranked according
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to how well it fits the pharmacophore model) being significantly greater than random and displaying

an enrichment factor greater thal at 2, 5 and 10% of the database screened.

5.2.4 Medoid selection

A medoid was selected for each of the fifteen SC clusters identified. The medoid was obtained by
creating a correlation matrix of pairwise Tanimoto coefficient} {@r each moleculenithe cluster.
The sum of dfor each cluster member was calculated and the molecule that had the greatesalT

value was selected as the medoid for that cluster.

5.2.5 Database selection

The standard drudjke library containing 17,900,742 compounas the time of access, November
2014) was downloaded from the ZINC dataB3&s& he standard drutike subset from this database

was used in the virtual screening expeeints that follow.

5.2.6 Virtual screen of database using pharmacophore model

The besiperforming pharmacophore models generated for each of the classes of SC investigated were
used to search the drulike subset from the ZINC database. The Pharmacophamelsapplication

in MOE®was employed (using the same parameters stated in section 5.2.3).

The initial library of virtual hit molecules retrieved was refined to ensure the hits had similar
phystochemical properties to known synthetic cannabinoids, and by inference had good potential to
bind to the CB1 receptan vitro/in viva This was achieved by applying filters for physicochemical
properties that would remove molecules that did not align witlthe range of those properties

calculated for known SC structures.

5.2.7 Log PS

The first filter applied was the molecular descriptor log PS (Equation 5.2) which was calculated as

follows:
log PS =2.19 * 0.262 * log D + 0.00683 * vsa_bad®009*TPSA®

Equation 5.2: lo@S is the log of the permeabilisyrface area coefficieff, log D is the solubility (at
pH 7.4) calculated by ChemAxon, vsa_base isdheder Waal®@ & dzNJF lu€x&bagdicNddrhs, aRd

TPSA is the topological polar surface area. The latter two descriptors were calculated ¥y MOE
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The log PS values were calculated for 188 known cannabinoids and synthetic cannabinbiel4 2. t
SC identified from the EDND report and 26 endogenous cannabinoids (e.g. cannabidiol, anandamide
& 2-arachiodonoylglycerol) identified from the literatl#&4’. The range of log PS values based on

these 188 cannabinoids was recorded.

5.2.8Log S

Log S values were calculated in MOE using the molecular descepfiication for the 188

cannabinoids/synthetic cannabinoid ligands. The range of log S values identified was recorded.

5.2.9 Chemical similarity

The virtual hit molecules that remained after the first two filters had been applied were assessed for
chemia@l structure similarity to the SC medoids associated with the pharmacophore model used for
the virtual screen. Two different similarity metrics were used, the first process employed was MACCS

structural keys.

The virtual hits retrieved for a specific phaacophore were assigned MACCS structural®éyich

were compared to the MACCS structural key of the medoidierSC cluster used to generate the
pharmacophore. A cut off value of 25% similarity was applied and any virtual hit that exceeded this
threshold was discarded. This method was employed as calculating pairwisdu@s for large
databases (between 406000,000 molecules) is time consuming. Virtual hits that were less than 25%
similar to the cluster medoid were then analysed using a second similarity metric. Pairwitect

were calculated for the virtual hits based on the SC medoid, any ligand that ¢&ldulated pairwise

T of greater than 0.6 was removed.

5.2.10 Clustering & Cluster Medoid Selection

The remaining hits from the virtual screen were clustered in ChemAxon JKlustor Library MCS (see
section 5.2.2 for parameters)A representative moleculémedoid®®) was identified as described
previously and taken forward for each of the clusters identified. Single liganda/énatnot part of a

larger cluster (i.e. singletons) were treated as medoids in their own right. This step was conducted to
ensure that the minimum number of the most structurally diverse compounds (termed virtual hit

representatives) were carried forwardso the next stage of the experiment.
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5.2.11 Comparison to NPS representatives

The virtual hit representatives identified were interrogated to ensure they were structurally distinct
from known SC. Any virtual hit representative that had a pairwis# greater than 0.6 with one of

the fifteen SC medoids previously identified was removed.

The virtual hit representatives were also screened for any similarities towards other classes of known
NPS. This was carried out to ensure the representative molecateied forwards were novel with
respect to their chemical scaffolds. PairwisewEre calculated, for the virtual hit representative
molecules and 11 NPS representative ligands taken from a study conducted bytZa6#’. Once

again, any compound that had a pairwise Tc of greater than 0.6 when compared to an NPS medoid

was removed.

Finally, pairwisd values were calculated for the virtual hit representative molecules and the initial
162 SC included the molecules that were not included in developing the pharmacophore models.

Again, any which demonstrated pairwise Tc values of greater than 0.6 wacveel from the study.

5.2.12 Molecular Docking of potential hit molecules

The remaining virtual hits were docked into the CB1 crystal structure (PDB accession cot®.5GTZ

¢KS aidNUzO(G dzNB 4 a [NSBRIEFF NBRJI dedON ViR 20K S\ Y liadz’OG@p] LI & A Y -
in MOE, a binding site was elucidated based on residues implicated in pliggeid interaction at the

CB1 binding site. The residues in the binding cavity include Met103, Gly166, Serl67, Fh&1IR),

Trp356, Phe379, Ser383, Cys386 and Leli3&ach ligand was docked into the binding site with a

cut-off of 15 conformationhposes. The default scoring functions (London dG and GBVI/WSA dG) in

MOE were applied.

In addition, the SC medoid ligands were docked into the CB1 receptor. As each of the SC medoids is
known to elicit psychoactivity, the data obtained from this docléhgly can be used as a benchmark

for the virtual screening compounds docking results. The virtual screening hits were ranked in order
of their bestperforming docking score. Virtual screening compouiidg had a score of less than

-6.55 kcalmof! were discarded. This cufff value was selected as none of the benchmark medoid SC

compounds had a docking score of less tHaB5 kcalmot.

5.2.13 Final selection of possible synthetic cannabinoid candidates

The resultant library of virtualits was assessed for possible mutagenic properties. Potentially toxic

groups were assigned using the Kaziug®setAny molecules that had toxic groups were discarded.
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Remaining molecules were then purchased and taken forwarthfeitro/ exvivoscreening to assess

their potential tobind to the CB1 receptor.

5.3 Results and Discussion

5.3.1Database collation

The synthetic cannabinoid ligands were collated using databases from the European Database of New

Drugs (EDND), EMCD¥FA>2 and the UNODE",

5.3.2Clustering
A total of 162 SC were available at the time of this study.

The initial clustering approach using JChemAxon produced 54 clusters from the 162 molecules. The
maximum number of ligands in any of the clusters generated was four. A pharmacophore model
generated using a small number of structurally similar ligandgovatiuce a highly selective model,
which would be of little use in identifying potential new scaffolds for exploitation. As such, basing a
pharmacophore on any of the JChemAXxon clusters identified is likely to limit the number of structurally
RA @S NREMingrdtrievied ¢

Therefore, an alternative, manual, clustering approach was employed based on common chemical

scaffolds observed for the SC.
The EMCDDA classifies SC into seven categories and the UNODC uses six categories (see table 5.1)

Table 5.1: The major structural synthetic cannabinoid groups according to the EMEahthe
UNODE®.

Seven structural SC groups according the six structural SC groups according to tt

EMCCDA UNODC

Naphthoylindoles Classical cannabinoids
Naphthylmethylindoles Nonclassical cannabinoids
Naphthoylpyrroles Hybrid cannabinoids
Naphthylmethylindenes Aminoalkylindoles
Phenylacetylindoles Eicosanoids
Cyclohexylphenols Others

Classical cannabinoids
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The two classification systems described in Table 5.3 could not be applied to the 162 SC used in this
study as many of the compounds could not be assigned to one of ttasgories. A finegrained
approach was required to identify more specific structural classifications in order to produce
predictive pharmacophores, so the SC were grouped using the clusters described by Uehigéina

(see Table 5.2)

Table 52: The 15 different categories of synthetic cannabinoids as defined by Uchiyani& etral

the number of molecules within each cluster.

Name of common structural scaffold Number of molecules in cluster
Benzoylindoles 6
Carboxyamide derivatives 54
Carboxyindoles 18
Classical cannabinoids 3
Cyclopropylindoles 10
Cyclohexylphenols 3
Naphthoylbenzimidazoles 2
Naphthoylnaphthalenes 2
Naphthoylindazoles 2
Naphthoylindoles 48
Naphthoylpyrrols 1
Pentylindoles 2
Phenylacetylindoles 1
Others 8
Quinolinyl carboxylates 2

Three SC clusters identified from thichiyama classification had at least 16 ligands (carboxyamide
derivatives, carboxyindoles and naphthoylindoles). These were taken forward into pharmacophore

development studies.

5.3.3 Pharmacophore development

The flexibly aligned molecules from the thr8€ clusters were used to suggest a consensus set of
pharmacophore features. These are formed based on annotation points assigned on the aligned atoms
or centroid annotations which are located at geometric centric of a subset of aligned atoms. The

annotation points also describe the atom types in terms of aromatic, hydrophobic, hydrogen bond
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donor atoms or hydrogen bond acceptor atoms. The features form spheres of different radii which
are determined by the aligned molecules and it is the different comhlinatif feature types and
spatial arrangement of each sphere that give rise to a unique pharmacophore model. The individual

models were then used to screen the ZINC dikigy subset to match any potential hit ligands.

All pharmacophore models were developadd optimised using the same Leave One Out (LOO)
method. Enrichment plots were used to show how the removal of a feature impacts on how efficiently
the model is able to retrieve expected hit ligands (i.e. molecules belonging to the same class of
compoundsused to derive the pharmacophore). The performance of each model was assessed by
plotting the number of hits retrieved at 2, 5 and 10% of the total database scanned. The virtual hits
identified by each of the pharmacophore models were ranked by RMSD yaloeseby a SGpecific
pharmacophore model would match the majority, if not all, of the expected (specific) SC hits first

before matching with any other ligands within the NPS database.

The initial pharmacophore models for the three different SC classesrgted without modification
was used as a comparison for all subsequent pharmacophores in the enrichment plots. Additionally,
each plot includes a random line. This line is used to assess whether the pharmacophore models are

able to identify expected hitompounds better than random.

5.3.3.1 Carboxyamide derivatives (CD) pharmacophore

The CD pharmacophore model generated from the aligned data based on the 54 CD molecules,
produced a seveiffeature pharmacophore (see Figure 5.2) which, when tested, reti@rdy three

of the possible 54 CD molecules from the entire 655 ligand NPS database.
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Figure 52: (A) a diagram showing all 54 carboxyamide derived synthetic cannabinoids flexibly aligned
and superimposed with respect to one another ar8) (The sevetieature pharmacophore model
generated from the flexible alignment of the carboxyamide derivative ligands. The Aro|Hyd (3, 4 and
5 orange) features represent aromatic/hydrophobic moieties, the RiNar{d 2 orange features)
represent features located along implicit lone pair of electrons or implicit hydrogen associated with

ring structures and the cyan features represent hydrogen bond acceptors (6 and 7 cyan features).

From the enrichment plot (Figu 3) it can be seen that pharmacophore model generated based on

all the carboxyamide derivatives was unsuccessful at retrieving expected hits from the NPS dataset.

This indicated that despite being constructed using known carboxyamide compounds, the
pharmt O2 LIK2NB 61 ay Qi RAAONAYAYIlI GAGS F2NJ OF ND2E&Il YA

arisen was carried out.
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Figure 53: An enrichment plot to show how well the carboxyamide derivative pharmacophore model
for the caboxyamide derivatives (orange line) was able to identify the carboxyamide SC in the 655
compound NPS database. The black line indicates how a pharmacophore model would perform if
carboxyamide SC were matched at random. The graph shows the pharmacophmablesto identify

carboxyamide SCs from the NPS database.
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5.3.3.1.1 Clustering of carboxyamide derivatives

When the original feature pharmacophore model for carboxyamide derivatives was used to screen

the 655 compound NPS database, only 3 of the exgue6d compounds were identified.

Investigations showed that the carboxyamide derivatives, arbitrarily categorised by the sdaftald
categorisation of Uchiyamat al, were comprised of two structurally distinct groups based on the
pairwise T calculatel. This inherent diversity in the group could therefore be the reason behind the
initial pharmacophore being nediscriminant, and as such the group was divided into two separate
clusters based on the;Values Cluster 1 {éthyl-1H-indazole3-carbaldehydes) and Cluster 2€thyl

- 3, 4dihydro- 2H ¢ pyrrole- 5 -carboxamides) (Figure 5.4). Each new cluster was flexibly aligned and

new pharmacophore models were generated

Table 5.3 details the compounds that make up Cluster 1 amste€|2. Flexible alignment scores for
the two new clusters (Table 5.4) are lower in value than the initial flexible alignment of the 54
compounds. This suggests a greater structural similarity, and hence better consensus, in the two new

carboxyamide clusts when compared to the original alignment.
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Figure 5.4: Molecule A is the common substructure found in Cluster -&tiiy/-1H-indazole3-

NH,

X

carbaldehyde), which contained 29 carboxyamide @giwes. Molecule B is the common substructure
found in Cluster 2 (2thyl - 3, 4dihydro - 2H ¢ pyrrole - 5 -carboxamide) which contained 16
carboxyamide derivative ligand&n example of a synthetic cannabinoid with cluster A and B has been

shown.Sectiors of the molecule that are different to the cluster have been coloured red.

The remaining 10 ligands identified from the initial carboxyamide group formed singletons and were

not included in the generation of new pharmacophore models.
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Table 53: The names of the SC carboxyamide derivatives that were categorised into Cluster 1 and Cluster 2.

Carboxyamide derivatives contained in Cluster 1

Carboxyamide derivatives contained @luster 2

5CGAKB48
5FABPINACA
5FADBPINACA
5FAKB48
5FAMB |/ 5AMB-PINACA
S5FAPRPINACAPX2
S5FEMBPINACASFAEB
5FMDMB-PINACASFADB
5FPYPINACA
AB-CHMINACA
ABFUBINACA
ABFUBINACA-Ruorobenzyl isomer
ABPINACA
ABPINACA N2-fluoropentyl) isomer
ADAMANTY¥YILHPINACA
ADBCHMINACA

ADBFUBINACA
ADBPINACA
AKB57
AMB-FUBINACA
Apinaca /AKBI7
APRCHMINACA / RX
APRFUBINACA
CUMYI5FPINACA
CUMYIPINACA
CUMYLTHPINACASGT42
EMBFUBINACA
FUBAKB48
MDMB-FUBINACA

SFADBICA
5FAMBICA
SFAMBPICA MMB-2201
SFAPPRPICA PX1
SFPY¥PICA
ADAMANTYTHPINACA
ADBCHMICA
ADBICA
AMB-CHMICA
CUMYI5FP7AICA
CUMYI5FPICA
CUMYIBICA
CUMYPICA
MDMB-CHMICA
MDMB-FUBICA
STSL35
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Table 54: The alignment scores for the 54 CD and the two identified CD clusters (C1 and C2), more

negative valueindicatea better flexible ligand alignment.

All Carboxyamide derivatives Carboxyamide Carboxyamide
derivatives cluster 1 derivatives cluster 2

Scored value -39.851 -58.446 -82.197

5.3.3.1.2 Pharmacophore development of 1-ethyl-1Hindazole3-carbaldehyde

carboxyamide derivatives (Cluster 1_Carboxyamide).

Alignment of the 29 ligands from Cluster 1 yielded a pharmacophore model with 6 features. This model
identified 46 CD hits from the NPS database when used as a fildevirtual screening experiment.
All 29 of the carboxyamide derivatives used to generate the pharmacophore were matched by the

pharmacophore when 100% of the NPS database had been screened.

Figure 5.5: The pharmacophore modddased on the flexible alignment of the 29 carboxyamide
derivative ligands from Cluster 1 (Clusterl_Carboxyamide). The Aro|Hyd (1 and 2, orange) features
represent aromatic/hydrophobic moieties, the PiN (5 and 6 orange) represent features located along
implicit lone pair of electrons or implicit hydrogen associated with ring structures, the light pink
feature (4) represents a hydrogen bond acceptor/donor region and the cyan feature (3) represents a

hydrogen bond acceptor feature.
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An iterative LOO process wteen carried out. This process involved the removal of a one feature at

a time from the Cluster 1 pharmacophore shown in Figure 5.5. The modified pharmacophore models
were then used to rescreen the NPS database to see how many of the carboxyamide deivat
synthetic cannabinoids are retrieved at various stages of the virtual screen. Where the search

performed better than random, ary was calculated at 2, 5 and 10% of the search (Table 5.5).

This process was repeated until a pharmacophore was generhtgdcontained the fewest number

of features and retrieved the highest percentage of the expected synthetic cannabinoids within the
first 10% of the NPS database virtual screen. Figure 5.6 is an enrichment plot of the first LOO
experiment for the Cluster pharmacophore. From the plot, it can be seen that removal of any of the
features reduced the number of carboxyamide Cluster 1 compounds the pharmacophore model was
able to detect from the total NPS database at 2, 5 and 10%, indicating that the originalgaoghore

generated was the begierforming.
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Figure 56: Enrichment plot of the Carboxyamide cluster 1 pharmacophore models, the numbered
lines correspond to the feature that was removed from the original pharmacophorehandthis
affected theY 2 R Sabil®ydo match with Cluster 1 ligands. The graph also includes a brown line that

represents a random hit rate.
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Table 5.5: The calculated enrichment factor {Eor the Carboxyamide cluster 1 pharmacophore
model. The table showsfér the original consensus pharmacophore. ThHe §ven at different stages

of the virtual screen (i.e. at 2, 5 and 10% of molecules considered).

Pharmacophore Enrichment factors
at2% at5% at10%

original 12.1 9.6 8.3
1 0.0 0.0 0.0
2 5.2 2.1 2.4
3 5.2 2.1 2.4
4 5.2 21 2.4
5 5.2 21 2.4
6 5.2 21 2.4

The enrichment plot in Figure 5.6 and thev&lue in Table 5.5 shows the initial carboxyamide cluster

1 pharmacophore model as the best at retrieving Cluster 1 ligands in the early stages of a virtual
screening search. The highesifobtained when 2% of the NPS database has been searched where
the Evalue of 12.1 indicates that the original pharmacopharadel is 12.1 times better at selectively
identifying Cluster 1 ligands in comparison to a model finding them at random. As such the initial six
feature carboxyamide pharmacophore model was taken forward to use to identify potential novel SC

scaffolds irthe virtual screen of the ZINC database.
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5.3.3.1.3 Pharmacophore development of -8thyl - 3, 4dihydro - 2H ¢ pyrrole - 5 -

carboxamide carboxyamide derivatives (Cluster 2).

The aligned Cluster 2 carboxyamide ligands generagiédfaature pharmacophore model (see figure

5.7)

Figure 57: The pharmacophore model with based on the flexible alignment of the 16 carboxyamide
derivative ligands from Cluster 2. The Aro|Hyd (2, 3, 4 and 6, orafegglres represent

aromatic/hydrophobic moieties, the PiN (1, orange) represent a feature located along implicit lone
pair of electrons or an implicit hydrogen associated with ring structures and the light pink feature (5)

represents a hydrogen bond accepfdonor region.

Figure 5.8 shows the enrichment plot obtained using the initial carboxyamide_cluster2
pharmacophore model, and the iterative LOO pharmacophore models, whereby one feature was
sequentially removed, from the initial model and the resultartdified pharmacophore models used

to search the 655 compound NPS database, to identify which model performed the best at identifying

carboxyamides.

155



100

920
2
8 80
- e Original
ﬁ 70 )
S 60
= 2
Y s0
g 3
@ 40
>
5 4
s 30 — 5
> 20 —
10 random
0

0O 10 20 30 40 50 60 70 80 90 100
% of NPS database screened

Figure 58: Enrichment plot obtained from the carboxyamide cluster 2 phawphore searches. The

lines show what percentage of Cluster 2 ligands have been retrieved from the NPS database as a
function of the total database searched. Each coloured line represents a different model. The light
blue line represents the original consars pharmacophore model. The numbered lines represent the
results of a search after the removal of the numbered pharmacophore feature (see Figure 5.7). The

graph also includes a black line that represents a random hit rate.

The enrichment plot and enrichme factors calculated (see TableSp.indicate that the initial 6
feature pharmacophore model is the most successful model with respect to retrieving the greatest
number of carboxyamide cluster 2 ligands within the first 10% of the NPS database seaschech A

this model was taken forward and used to screen the ZINC database for potential novel SC scaffolds.
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Table 56: The calculated enrichment factors)(Eor the Cluster 2 pharmacophore model, the table
shows Efor the original consensus pharmacophore anevBen a feature has been removed. The E
are given at different percentages which indicate how many carboxyamide derivatives had been found

at 2, 5 and 10% of the NPS database search.

Enrichment factors

at 2% at 5% at 10%

original 3.1 3.8 3.8
feature 1 removed O 0 1.9
feature 2 removed O 1.3 1.3
feature 3 removed O 1.3 25
feature 4 removed O 0 1.3
feature 5 removed O 0 1.3
feature 6 removed O 1.3 1.9

5.4 Carboxyindole pharmacophore

Thecarboxyindoles group identified by the Uchiyafiatrategy for clustering the SCs contained 18
molecules. The initial carboxyindole pharmacophore modelegaied consisted of 9 features (see
Figure 5.9).
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Figure 5.9: The consensus pharmacophore model based on the flexible alignment of the 18
carboxyindole ligands. The Aro|Hyd (4, 5, 6 and 7 orange) features representtantwydrophobic

features, the PiN (1, 2 and 3 orange) represent features located along implicit lone pair of electrons
or implicit hydrogen associated with ring structures and the cyan (8 and 9) features represents

hydrogen bondacceptors.
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Figure 5.10: Enrichment plot obtained from the carboxyindole pharmacophore model search, the
lines show what percentage of carboxyindole ligands have been retrieved from the NPS database.

Each coloured line represents a different modelsfibuld be noted there is some overlap of data
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points which has resulted in lines 1 and 2 not being visible). The light blue line represents the original
consensus pharmacophore model. The different numbered coloured lines represent the results of a
searchafter the removal of that pharmacophoric feature from the original pharmacophore (Figure

5.9). The graph also includes a black line that represents a random hit rate.

The LOO process was able to eliminate 3 features (Feature 2, Feature 3 and Featdrind yafined
6-feature model (Figure 5.11) was able to retrieve 100% of the carboxyindole ligands in the dataset in
comparison to 45% of the total compounds retrieved by the initial model. The removal of features was
achieved using an iterative processaosure the highest:#as obtained using the fewest number of
features. Removal of features 2, 3 and 4 individually resulted in an improved hit rate (see Table 5.7).
The next step was to remove both features 2 and 3 to see if an improveaksBbtained. An Evalue

of 3.3 was obtained when features 2 and 3 were removed compared to 2.8 when only one feature
was removed. Removal of features 3 and 4 provided the sanfeSE3 as was obtained for the removal

of features 2 and 3. Therefore in an exttpt to improve the enrichment factor further features 2, 3

and 4 were removed this resulted in andE 5.5 which demonstrates that the best carboxyindole

model contains only six features (Figure 5.12).

Figure 5.11: The refined 6feature carboxyindole pharmacophore model arrived at via the LOO
methodology. The Aro|Hyd (1, 2, 3 and 4 orange) features represent aromatic/hydrophobic moieties,

and the cyan features (5 and 6) represent hydrogen bond acceptor feature.
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Optimised 6feature model
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Figure 5.12: Enrichment plot that compares the performance of the original (bludg¢a®ure

carboxyindole pharmacophore model to thef@ature model (red) generated by the iterative LOO

method, (see Figure 5.11). The graph also incladglack line that represents a random hit rate.
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Table 5.7: The calculated enrichment factors)(r the carboxyindole pharmacophore model. The
table shows Hor the initial 9feature carboxyindole pharmacophore model an@vgen a feature has
been removed. The:Ere given at different stages of the search which indicate how many

carboxyindole ligands had been retrieved within the top 2, 5 and 10% dB& database search.

Pharmacophore Enrichment factors
at 2% at 5% at 10%

Initial 0 0 0.6
feature 1 removed 2.8 3.3 1.0
feature 2 removed 2.8 3.3 1.7
feature 3 removed 2.8 3.3 1.7
feature 4 removed 0 0 1.0
feature 5 removed 0 0 1.7
feature 6removed 0 0 11
feature 7 removed 0 0 1.7
feature 8 removed 0 0 11
feature 9 removed 0 0 11
features 1 & 2 removed 8.3 5.8 5.6
features 2 & 3 removed 8.3 5.8 5.6
features 1, 2 & 3 removed 8.3 5.8 5.6

The optimised sikeature pharmacophore model was then carried forward and used to screen the

ZINC database for potential novel SC scaffolds.

Analysis of the flexible alignment of the carboxyindoles and the initial consensus pharmacophore
show that features 1, 2 and 3 are PiN cénfr R LINP 2 S O A 2-systemddrmieSfom thg' G K S
aligned aromatic rings. The PiN projections generaptaicefeatures at a 9%angle to the aligned

benzene rings and the presence of these features will restrict the number of hits found in the screen

as only molecules that have a benzene ring in the same orientation, to that of the original
pharmacophore will be detected. Figure 5.13 shows two benzene rings with the same apparent
orientation with respect to the aromatic feature (2) of the pharmacophdnet one benzene ring has

been rotated by 180relative to the other. Although the benzene ring itself has not changed position

the associated PiN feature has also rotated by°1808d hence the overlap of the second orientation

with the pharmacophore isonsidered poor when compared to the first. The PiN features therefore

impart a high degree of selectivity in terms of absolute orientation and ultimately place restrictions
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on the number of ligands retrieved from a virtual screen when they are pre$eatefore,it makes

sense that the enrichment factors increase upon the removal of these features.

Figure 5.13: Two benzene rings that have been annotated with PiN features, the benzene ring

depicted as B shows the directiofitbe PiN feature when the benzene ring is rotated by*180
5.3.3.2 Naphthoylindole pharmacophore

The original pharmacophore model generated for the naphthoylindole cluster a model with 8 features

shown in Figure 5.14

162



~VA.> <
LN

% b 25qK

N v, 25 64 ,\"‘.4"/
NIRRT
:\:51—5‘.":"/‘
=

Figure 5.14: The consensus pharmacophore model based on the flexible alignment of the 48
naphthoylindole derivative ligands. The ArolHyd (5 and 6 orange) features represent
aromatic/hydrophobic features, the PiN (1, 2, 3 and 4 orange features) represent features located

along implicit lone pair of electrons or implicit hydrogen associated with ring structures, and the cyan

feature represents a hydrogen bond acceptor feature (7 and 8).

100
90
g 80 e Original
o
5 70 Random
Q —
S 60
£ —
>
50
2 3
N
40
g — ]
s 30 —
20 —C
10 — ]
0 —

0O 10 20 30 40 50 60 70 80 90 100
% of NPS database screened

163



Figure 515: Enrichment plot obtained from the naphthdytiole pharmacophore model search. The

lines show what percentage of naphthoylindole ligands have been retrieved from the NPS database
at different stages of the virtual screen. Each coloured line represents a different model, it should be
noted that linesl, 3 and 5 are present but are obscured by lines 4 and 6. The light blue line represents
the original consensus pharmacophore model. The different numbered coloured lines represent
models that result from the removal of that particular pharmacophoric deaisee Figure 5.14) via a

LOO process i.e. the results of a search after the removal of a pharmacophore feature. The graph also

includes a black line that represents a random hit rate.

Table 58: The calculateénrichment factors (ffor the naphthoylindole pharmacophore model. The
table shows Hor the initial 8 feature naphthoylindole pharmacophore ana/&en a feature has been
removed. The #are given at different stages of the virtual screen which ingisabow many

naphthoylindole ligands had been retrieved at 2, 5 and 10% of the NPS database search

Enrichment factors

at 2% at 5% at 10%
Initial 2.1 1.5 3.1
feature 1 removed 2.1 15 3.1
feature 2 removed 4.2 9.8 7.9
feature 3 removed 4.2 4.7 7.9
feature 4 removed 2.1 15 3.1
feature 5 removed 2.1 9.8 3.5
feature 6 removed 2.1 15 2.3
feature 7 removed 2.1 15 3.5
feature 8 removed 2.1 15 2.3
features 2 & 3removed 13.5 9.8 7.9

The optimised naphthoylindole pharmacophore model weduced from eight features down to six
(features 2 and 3 were removed both were PiN features), the removal of these features resulted in
the refined 6feature naphthoylindole pharmacophore model, (see figure 5.16) having ah@z3

when the first 2% ofhe NPS database search.

When analysing the flexible alignment of the naphthoylindoles, there were two regions that were

heavily populated by aromatic regions. The removed PiN features (2 and 3) account for the collective
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projection features generated fro the large number of aromatic rings in that particular region. The
presence of these features imparts a selectivity with respect to the absolute orientation of aromatic
rings that becomes too restrictive to the virtual screening approach as explaineé abdvexplains

the reduced selectivity of the initial pharmacophore model, compared to the model that has these
features removed, thus enabling the full range of naphthoylindoles to be detected by the optimised

6-feature model.

)
1

Figure 5.16. Refined 6 feature naphthoylindole pharmacophore model, features are numbered in
black. The Aro|Hyd (3 and 4 orange) features represent aromatic/hydrophobic features, the PiN (1
and 2 orange features) represent features located along impticie pair of electrons or implicit
hydrogen associated with ring structures, and the cyan feature represents a hydrogen acceptor

feature (5 and 6).

5.5Medoid selection

From each of the four SC clusters a medoid was identified and aseatienchmark to ensure the
virtual hits selected from the pharmacophore search were structurally dissimilar to the medoids of
the clusters of the known synthetic cannabinoids used to develop the pharmacophore models. This

would help ensure novel scaffolds fpotential SCs could be identified.
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Table 59: shows the common name and chemical structure of the SC medoids from each synthetic
cannabinoid cluster used to develop the pharmacophores above. The portions of the first two
molecues that have been coloured red highlight the identical moiety between the cluster 1 and cluster

2 carboxyamide medoids.

Synthetic cannabinoid Medoid Medoid Chemical

cluster Name Structure

Carboxyamide cluster ADBPINACA
1

Carboxyamide cluster ADBICA

2

Carboxyindole AM-694 methyl
substituted for lodine

Naphthoylindole JWHO018

The carboxyamide medoids differ as follows. The Cluster 1 medoid contains an indazole ring whereas
the Cluster 2 medoid contains an indole ring. The similarity of these ligands is not unexpected, as the

medoids have beegenerated from the same parent SC cluster (the cluster fragment is coloured red
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