Computer Axdcd
Molecular Dessgm

‘l/ CHEMICAL COMPUTING GROUP

A Teaching License for the classroom use of MOE has been kindly granted by
the Chemical Computing Group
1010 Sherbrooke St. West
Suite 910
Montreal, Quebec
H3A 2R7
Canada

www.chemcomp.com




Computer Aided Molecular Design

I ntroduction

Our society is faced with challenges that careteachemical solution. Examples include:
bacterial drug resistance, new diseases like AHDE,agricultural pest control. We also need to
develop environmentally benign synthetic methodsgkample the use of agueous solvents and
enzymatically catalyzed processes. We are rapelhgldping new technologies to help solve
these problems, including new receptors such dg¢eeand self-assembling systems, and new
hosts for guest-host chemistry including crown etheyclodextrins, phase transfer catalysis
agents, and supramolecular hosts. Combinatorighegis is accelerating the pace of
advancement in guest-host chemistry and biochgmisach of these areas underscores the need
for enhanced uses of molecular mechanics and dgsamilecular orbital calculations, and
chemical information technology.

We are part of a large scale international etfosolve the many problems that confront our
society. In this effort we have amassed a trulyilasing array of information; we need to learn
how to tame this rich resource. A tremendous volomgork has been done, and a bewildering
variety of structural motifs have been discoveredature. Chemical information technology
helps us to appreciate the richness and varieth@iical structural complexity. Computer
Aided Molecular Design, CAMD, is a combination aineputational chemistry and information
technology tools that help us to discover new aseful compounds.

CAMD touches all areas of chemistry. The discpwé new natural products help us explore
structures and functionality that we would neveeggiare important, for example diepoxides and
diacetylides. The vastness of the variety of chahstructures also plays an important role in
environmental chemistry and analytical chemistiyacterizing the biological activity and
properties of all the known compounds is impossile must develop predictive tools for
molecular properties in an environmental settingaQitative structure activity relationships
(QSAR), Quantitative structure property relatiopshiQSPR), and 3D-database mining play a
central role in this effort. Analytical chemistsvieadeveloped new chemometric techniques that
allow the rapid retrieval and prediction of molexmuand biological properties. Multi-variate and
artificial intelligence techniques are necessamgftiziently use our wealth of information.

This tutorial introduces the use of advancedmatational methods in Computer Aided
Molecular Design. Computer Aided Molecular Desi@AMD) is a unifying theme that focuses
on why we do chemistry and how we decide what idhs®size and study. Chemistry emphasizes
the development of predicative tools for understaggdtructure-function relationships, and the
use of CAMD techniques enhances our ability to jgtethemical reactivity and design useful
compounds.

Computer Aided Molecular Design Phases
The goal of Computer Aided Molecular Design (CAMB}o find ligands that are predicted to
interact strongly with a host. Alternatively, tlisocedure can be reversed to search for hosts that
will interact strongly with a given ligand. CAMD &n outgrowth of rational drug desigwhere
the interactions are protein or DNA binding wittbstrates. It is clear, however, that CAMD is
not restricted to drug design. In fact, much of¢berent development in chemistry,
biochemistry, and biology are coalescing and theésidins in our disciplines are evaporating. As
a consequence the tools developed for drug deslghegome critical for many if not most
chemists. In particular, molecular recognitionjtitarough proteins, DNA, supramolecular
chemistry, or self-assembling systems, is a urgfygsearch area. As organic and physical




chemists search for guest-host systems with spigifin binding and catalysis?, the basic
concepts of molecular field analysis and receptappmg will be a unifying tool. Rapid
advancements in chemistry will increasingly reqaineinterdisciplinary approach; biochemistry,
molecular biology, microbiology, cell biology, déepmental biology will be key players along
with the traditional areas of chemistry.

The ready availability of chemical structureatatses is playing an important role in enhancing
the drug discovery approach and CAMD. These sanabdses find increasing use in
environmental, inorganic, and organic chemistryprd@molecular and natural products chemistry
will demand easy access to information and pow&Miksearching algorithms. Environmental
chemists will need to systematize the reactivityndfions of natuarally occuring and synthetic
substances.

The basic phases of CAMD can be outlined as shinwable 1.4,

Table I. The Phases in Computer Aided Molecularigrdst. The "CPU " column compares the
relative computation resources needed for eachodeth

Phase Method CPU
Determine structure of theligandsor thereceptor site:
MO calculations +
molecular mechanics +

molecular dynamics/protein folding-++

=+

homology modeling with database  ++;
U

Build a modé of thereceptor site:
propose pharmacophore 3D-QSAReceptor mapping ++

propose steric pocket map surfeitie a probe +

steric model from map (DOCK) +
U

Sear ch databases for ligands:
2D-substructure +
steric search (docking) ++
3D-search with pharmacophore ++iF
U

Dock new ligandsto receptor site:
molecular mechanics or MO +
U

Predict binding constantsor activity:
1D, 2D, or 3D-QSAR +
free energy perturbation ++4
MO transition-state calculations +++
U

Synthesize ligands:
reactions database +

CAMD can be done in two ways: ligand based oep¢or based. Receptor based design starts
with a known receptor, such as a protein binditg @i supramolecular host. Ligand based



design uses a known set of ligands, but an unknmeagptor site. Both approaches are actually
very similar.

Receptor based CAMD: The first phase is to determine the structurhetbinding site using
standard structural analysis from X-ray diffracti®iMR, or calculations involving molecular
orbital or molecular mechanics and dynamics teakasqln the absence of structural
information, homology of the unkown receptor seagégewith known structures that have been
identified through database searches may be agadthg point.

The next phase is to generate a query for de¢adarching. The query is generated by
building a simplified model of the receptor sitéig model may be based on a pharmacophore,
which identifies a few specific interactions the¢ eesponsible for the binding (Figure 1.). These
interactions include hydrogen bond donors and docgpcharged groups, and hydrophilic
regions such as hydrocarbon side chains, and pgemyps. The pharmacophore can be
generated by visual inspection or by computatiéeetiniques. In docking-based searches, the
model is based on an analysis of steric interastawer the receptor site. Typically, a solvent
accessible surface map is generated and bindirigefsoare identified on the host surface. More
specific interactions can also be specified abénangiotensin converting enzyme inhibitor
pharmacophofein Figure 1.
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Figure 1. Pharmacophore for angiotensin convegmgyme (ACE) inhibitors, which
describes the spatial arrangement of functionalggamecessary for binding to the receptor
site of the enzynie The dotted bonds are to allow single or doubledsaand the A stands
for any atom.

The next phase is to search databases for kg#adl may bind to the chosen receptor. The 3D-
pharmacophore is used in conformationally flexgaarches for ligands that match the spatial
distribution of the receptor. Alternatively, theeptor pocket can be used with auto-docking to
find ligands that avoid close-contacts. The 3D-plarophore approach and the binding pocket
approach are actually very similar, and queriesbeafashioned that incorporate aspects of both
approaches. Pharmacophores emphasize a few sgeuificaried types of interactions, while
binding pockets emphasize steric interactions tweentire ligand.

The results of the database search may be usstlylor modified to produce candidates for
further study. These candidates that are inspiyatidodatabase search constitute the design
element of the procedure. The new ligands or harstshen assessed for the use at hand. This
assesment first involves docking the new molecoteevaluation of the full interaction by
molecular orbital calculations or molecular meclkanNext, calculations are done to predict the
binding constant or activity of the compound.

Prediction of the binding constants are usya#isformed using Gibb's free energy perturbation
studies based on either Monte Carlo or moleculaadycs simulations. Activity predictions are
usually based on QSAR extrapolation. Increasinghgé QSAR predictions are based on the 3D-
QSAR that was used to generate the pharmacophtne search stage.



Finally, the candidates are synthesized anddeastthe laboratory. Synthetic chemists
increasingly use reaction database searches aficiarintelligence tools to design synthetic
procedures.

Ligand based CAMD: Ligand based design starts with a group of ligaghdshave known
binding constants or biological activities. Thesfiphase is to determine the structure of the
ligands using standard structural analysis froma)diffraction, NMR, or calculations involving
molecular orbital or molecular mechanics and dyrartechniques.

The next phase is to generate a query for de¢adarching. The query is generated by
building a simplified model of the receptor sitéig model is based on a pharmacophore, as in
receptor based design. The pharmacophore can keageh by visual inspection or by statistical
technigues. One popular statistical technique IKEAR as represented by the CoMFA
approach. 3D-QSAR maps the steric, charge, and hydrogedihgrinteractions into a 3-D grid
for each known ligand. These maps are then comparfad features that the active compounds
have in common. The map of common features is ¢bemerted into a pharmacophore.

The next phase is to search databases for gands that may also bind to the chosen receptor.
2D-substructure searches based on the known ligaamdbe used, but such searches have not
been very successful. Instead, the 3D-pharmacophoed in conformationally flexible
searches for ligands that match the spatial digioh of the known ligands.

The remainder of the phases are identical f@nid and receptor based design.

There are many examples of applications of CA@Iganic chemists are active users of
database searching. Physical chemists calculafestaenergy of binding or solvation for
substances by perturbation techniques. QSAR/QSRBRnigjor focus in physical organic
chemistry, instrumental analysis, and environmettiamistry. Biochemists focus on receptor
modeling and substrate docking. In synthetic chegnieaction databases play an important role.
In inorganic chemistry, 3D-database searches goigedpo organometallic chemistry and metal
complexes.
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QSAR
Introduction

The key insight of chemistry is the relationshipvEen molecular structure and molecular
function. We use the details of molecular structarpredict the properties of molecules.
Medicinal chemistry is a particularly rich exampleour use of structure-function relationships.
There is a tremendous need to be able to quicldigdenew drugs for curing human disease. The
rapid prediction of the activities of compounds fise as drugs and the discovery of new
compounds is an important goal. Quantitative StmacActivity Relationships, or QSAR, allow
us to predict the properties of compounds and gugaatitative expression of structure-function
relationships. QSAR has been responsible for thiel development of many new drugs.

In QSAR we seek to uncover correlations of latal activity with molecular structure. With
Quantitative Structure Propeielationships, QSPR, we extend the same notigerteral
chemical property prediction and not just biolog&etivity. In either case, the relationship is
most often expressed by a linear equation thate®laolecular properties, x, y..., to the desired
activity, A. For compound i:

A=mx+ny+o0z+b 1

Where m, n, and o are the linear slopes that egphescorrelation of the particular molecular
property with the activity of the compound, andlaiconstant. If only one molecular property is
important, for example molecular volume, then Efjreduces to the simple form of a straight
line, A =m x + b. The slopes and the constant in Eqn. 1 aemafilculated using multiple
linear regression, MLR, which is analogous withulag linear regression when there is just one
independent variable. The molecular propertiesbeadipole moments, steric energies,
molecular volumes, surface areas, free energisslaeétion, and a wide variety of others. The
molecular properties used in QSAR studies aredaléscriptors. In Eqn. 1 we show only three
descriptors. In a typical QSAR study, scores otdptors are often used. However, in the final
QSAR equation we seek to find the smallest numbdescriptors that can adequately model the
activity of the compounds in the study. For theegahcase with p descriptors,: x

P
A= ij X + b 2
=1

gives the more general QSAR equation form.
Activities

An example of a QSAR study is the isonarcotitvay of esters, alcohols, ketones, and ethers
with tadpoles, Table 1. In this study various oigaompounds were added to water with
swimming tadpoles. The swimming speed of the taglpulas observed and the amount of the
compound that was necessary to slow the tadpolesrsing was determined. A very effective
compound has a very low concentration for the petidn of the desired effect. In QSAR studies
we often like to have the more effective compoumalge a higher “activity,” not a lower.
Therefore, it is very common to transform the coriaion for a desired effect, C, to an activity
by:



A =log(1/C)
The log(1/C) value increases with compound efficacy

Log P

The most common descriptor used in QSAR studiEsgyP, which is the natural log of the
octanol/water partition coefficient:

C(octanol

~ C(water) 3

P

The octanol/water partition coefficient is measubgglacing the compound in a separatory
funnel with octanol and water. Octanol and wateriammiscible, and the compound under study
partitions between the two phases. The concentrafithe compound in the two phases and
hence the partition coefficient are a measure @hgydrophobic-hydrophilic character of the
compound. The more hydrophobic, the larger aredP@gP. LogP is a common descriptor in
QSAR studies because drugs must often cross mesthr@ell membranes are composed of
phospholipids, which have hydrophobic tails thaidquce a very hydrophobic environment in the
middle of the membrane bilayer. In the absencetiamembrane transport, more hydrophobic
drugs have an easier time getting through a membran

Table 1. Isonarcotic Activity of Esters, Alcoholketones, and Ethers with Tadpoles

Compound | log(1/C) | logP
CH3;OH 0.30 -1.27
C,HsOH 0.50 -0.75
CH3;COCH; 0.65 -0.73
(CHs),CHOH 0.90 .0.36
(CHs)3COH 0.90 0.07
CH3CH,CH,OH 1.00 -0.23
CH3;COOCH; 1.10 -0.38
C,HsCOCH; 1.10 -0.27
HCOOGH;5 1.20 -0.38
C,HsCOGH5 1.20 0.59
(CH2),C(C;Hs)OH 1.20 0.59
CHs(CH,)s0H 1.40 0.29
(CH3),CHCH,OH 1.40 0.16
CH3;COOGH:s 1.50 0.14
C2HsCOGHs 1.50 0.31
CHs(CH,),OH 1.60 0.81
CH3CH,CH,COCHs 1.70 0.31
CH3;COOCHC,Hs 2.00 0.66
CoHsCOOGHs 2.00 0.66
(CHg);,CHCOOGHs  2.20 1.05
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Figure 1. Isonarcotic Activity of Esters, Alcohoketones, and Ethers with Tadpoles

When the data in Table 1 is submitted to leastraguanear regression, Figure 1, the resulting
QSAR equation is:

log(1/C)=0.731 log P + 1.22 n=20 r=0.881 4
The data for 20 compounds is reasonably correlaitttda regression coefficient of 0.881,
indicating a moderately good fit. In this studyyaohe descriptor is necessary to build an
adequate model of the structure-function relatigpsstbut often many descriptors are needed.
Addition of other descriptors would certainly impeothe fit for this case also.

Correlation does not imply Causation

It is always important for studies of this typeutaderscore the difference between correlation
and causation. We shouldn’t read too much into Q&4&ations. A good QSAR correlation
does not mean that the particular descriptor “csiube efficient action of the drug. For
example, the correlation of isonarcotic activitydg P does not necessarily mean that getting the
drug across the membrane barrier is the importaptfer biological activity. Instead, the log P
dependence may be caused by more efficient blaodort, more efficient interactions with
nerve receptors, or a myriad of other interactiooit major and minor that add up to the net
effect. The lack of evidence on causation, or eotvords the mechanism of action, may be
disappointing at first. However, the goal of QSARA predict activity, and that goal is often
admirably filled. Information on the various meclsms leading to biological activity must be
done through additional, careful experimentation.



TheHistory of QSAR

The genesis of QSAR is from physical organic chemend linear free energy relationships.
The first such studies were done by L. P. HamriBt goal was to uncover the effects of
electronic structure on organic reactivity. A shdigcussion of his work will be instructive as we
start to understand the foundations of QSAR. Hartisitst studies were to understand the
effect of electron withdrawing and donating groopsthe pKa'’s of substituted benzoic acids,
Table 2. Hammett first wanted to develop a desorifftat described inductive substituent
effects. He compared the log, for a variety of substituted benzoic acids wita thg Ky for
unsubstitued benzoarid to define the substituent constant.

0 = log K3 - log KgH 5
Table 2 lists the Hammett constants for meta amna gabstituents. He then postulated that other
properties, other than acidity, would be likewiffleeed by the same substituent effects, and that
these other properties would follow the relatiopshi

log (property) 9p 0 + cst 6
In other words, the expected function was a limektionship with the inductive constant.

Hammett showed that a wide variety of organic thleetymamic and kinetic properties followed
Eqgn. 6.

Table 2. Hammett substituent constants for indeatiffects.

Group Op Om
-NH2 -0.57 -0.09
o 0 -OH -0.38 0.13
“H -OCH3 -0.28 0.10
-CHs3 -0.14 -0.06

-H 0 0
-F 0.15 0.34
-Cl 0.24 0.37
R1 -COOH 0.44 0.35
-CN 0.70 0.62
-NO2 0.81 0.71

Why did Hammett choose to work with log func8@rHe took his inspiration from the
relationship between Gibbs Free Energy and thdibgum constant for a reaction,

AG = - RT In Ky 7

In other words, the energetics of reactions idedl#o concentration measurements by
logarithmic relationships. Eqgn. 6 is just one exngd many such relationships used by



Hammett and many other organic chemists. All sughagons are called linear free energy
relationships, or LFERSs. In this context, QSARustjan extension of LFERSs into the world of
biological structure-function relationships. Corilansch at Pomona College is responsible for
the early development of QSAR, and has compileeba@nsive database of thousands of QSAR
equations that are extracted from the literatutgpficlogp.pomona.edu/). Hammetconstants
are commonly used as descriptors in QSAR.

An example of using Hammettconstants in QSAR is work on sulfa drugs. Thevégtof
different sulfa drugs was tested Bncoli. Linear regression yielded the QSAR equation

S—N _
©|| HQX log 1/C = 1.0% - 1.28 8
0
H,N

2

Therefore, even though Hammett'sonstants were derived from acidity data of bemacids,
the same inductive effects correlate well with degvity of a common class of antibiotics. The
important point of Eqn. 8 is that we now have & birhow to design a better drug: choose a
substituent with a larger or use multiple substitutions.

Descriptors

A common issue in chemistry is how to describe dks and their properties. Quantitative
measures are necessary for QSAR studies. Moledetariptors fall into three general
categories, steric, hydrophobic, and electronicledaar volumes, surface areas, and bond
connectivity indices are steric in nature. Molecwalume and surface area are calculated by
placing a sphere on each atom with the radius diyethe Van der Waals radius of the atom.
The steric energy from molecular mechanics calmnatis quite useful. Another useful steric
descriptor is the number of rotatable bonds. Asitimaber of rotatable bonds increases, the
molecule becomes more flexible and more adaptablefficient interaction with hosts.

Electronic descriptors include dipole momentdapzability, and electronic energies. These
values are available from molecular orbital caltaless. The HOMO-LUMO band gap energy is
often used for QSAR. Hammett substitutent constargsalso examples of electronic
descriptors. The number of hydrogen bond donorsaandptors and measures of the pi-pi donor-
acceptor ability of molecules are also useful.

Log P is an example of a hydrophobic molecu&scdptor. Molecular surface areas can also
be divided into hydrophobic and hydrophilic paRsr these surface area descriptors, Van der
Waal’'s spheres are again used, but the hydroghiliiace area is the sum over all
electronegative surface atoms (N, O, S) and Himoiar bonds(e.g. O-H, N-H, S-H). The
hydrophobic surface area is the sum over all nentgnegative atoms and H atoms that are in
non-polar bonds ( e.g. C-H bonds). Log P is algddidssis for other descriptors.

1t Lipophilic Character



The lipophilic charactery, of a substitutent is defined as
nm=logP —log B 9

where log P is the value for the substituted bemaoid and log Ris the value for unsubstituted

benzoic acidrtis a commonly used descriptor for hydrophobidmophilic effects. The
concentration of substituted penicillins curing 56%mice infected witts aureus was
determined and the activity correlated well with

@)
X S
Nj;(
H
Y N O
O
OH
log 1/C = -0.461+ 4.85 n=20 r=0.91 10

Free Energies of Desolvation

Solvation plays a very important role in moleguhteractions. Log P is directly related to
solvation. P is the equilibrium constant for thegass:

M (ag) —> M (octanol) AG=-RTInP =-RT 2.303 log P 11

andAgG is the corresponding Gibb’s Free energy changth@®process. The partitioniong
process can be broken into two separate reactiomsliesolvation from water

M (aq) —> M (g) Adesop:'(aq) 12
and the desolvation from octanol:

M (octanol) —=> M (g) A,...S(octanol) 13

The Free Energy of desolvation in waty, (G(aq), is often written as Fh2o og,Fand the-ree
Energy of desolvation in octanal, . G(octanol), is often written as Foct. Eqn. 11 foz full
partitioning is equivalent to Eqn. 12 — Eqn 13, #émelenergy effects are

AP(?" :AdesoG(aq) _AdesoG(OCtanOD or 14
AG = Fh20 — Foct

Log P can then be calculated using Eqn. 11:
log P = - (1/2.303RT) Fh20 — Foct 15

Note that 1/2.303RT = — 0.735 kahol. Therefore, if experimental values for logre aot
known, log P can be estimated from free energies.

Free energies of desolvation have been studiethgvely. A group additive properties
approach has been taken to estimating these fezgies. Group additive property, GAP,



approaches are common in estimating thermodynaaniables. For GAP calculations we
assume simply that a molecule is the sum of itssp@able 2 lists several GAP parameters for
Fh2o and Foct estimation. These contributions anensed to get the Fh2o and Foct for the
entire molecule.

Table 2. Group Additive Property parameters foreHEaergies of Desolvation.

Group Fh2o (kcal/mol) Foct (kcal/mol)
CHjs (methyl-aliphatic) 0.800 -0.160

CH, (methylene) 0.200 -0.520

CH (methane) -0.240 -0.560

O (ether-aliphatic) -3.970 -1.810

O (hydroxyl-aliphatic) -5.820 -3.790

N (amide) -2.930 0.020

H (amide) -3.030 -3.490

Cl (aliphatic) -0.940 -1.020

For example, the Gibb’s Free Energy of desolvafiordimethylether from aqueous solution is
estimated to be 0.800+0.800+-3.970 kcal/mol.

GAP estimation makes Free Energies of desolvatioy easy to calculate for use in estimating
log P. Fh20 and Foct are also good molecular ggscsi in themselves, and are commonly used
directly in QSAR studies.

Atomic Polarizability, APOL

The polarizability of a molecule is a measur¢hefease with which the electron cloud of the
molecule can be distorted by an applied electeicfiThe attractive part of the Van der Waals
interaction is a good measure of the polarizabiktighly polarizable molecules can be expected
to have strong attractions with other molecules pblarizability of a molecule can also enhance
aqueous solubility. Remember that the Lennard-Jtmras of the Van der Waal's interaction is
given as (please review the Molecular Mechaniceflai):

s A, B
VAW, =76 T12
In QSAR studies the molecular polarizability isesftapproximated by the sum of the Lennard-
Jones A coefficients for every atom in the molecAleOL.

Molar Refractivity

Molar refractivity, MR, is one of the oldest ambst successful descriptors for QSAR studies.
MR often shows a strong correlation with liganddang. Both log P and MR increase with alkyl
chain length, so log P and MR show a strong cdroglaHowever, polar functional groups
increase MR, but decrease log P. Therefore, sothe@usuggest that MR is a measure of non-
lipophillic interactions, while log P is a measwfdipophillic interactions. MR is defined by the
Lorentz-Lorentz equation:

n’-1 (MW)

MR =Z+2)d



Where n is the index of refraction, MW is the mollac weight, and d is the density. MR has a
strong correlation with the molecular polarizalilévVhen experimental values are not available,
MR is also often approximated from group-additieastants like many other descriptors.

Summary

Physical chemistry has often been called “the elegeience of drawing straight lines.” This
tongue-in-cheek saying is never truer as in QSARe sense there is nothing magical about
searching for log-linear relationships in biologdiaativity. The QSAR results don't really
explain anything. QSAR equations just point to elations. On the other hand, QSAR is a very
important and routine method for many areas of ¢sieyn QSAR is best appreciated as a guide
for our chemical intuition. QSAR models guide usMigat to synthesize next in our search for
more effective solutions to our problems.



Design and QSAR

One goal of QSAR to decide what molecules tdrs®gize next. It is sometimes difficult to
decide how to make changes to the lead compours#silman the QSAR coefficients and
descriptors. Some cases are easy. If moleculamiveas a strong positive correlation with
activity, simply increasing the molar mass by agdiome heavy substituents like Brtdautyl
may work well. If surface area is an important comgnt then adding a benzene ring might be
useful. If log P has a strong positive correlatibwen adding a “greasy” side chain likerabutyl
or cyclohexane ring would increase lipid solubility

One strategy of medicinal chemists is the usa@fteries: methyl, ethyl, propyl, isopropyl,
butyl, t-butyl for substitutions at various spots in thel@sale. For the series methyl, ethyl,
propyl, and-butyl, molecular weight, surface area, molar retfvéty, and log P 1)) increase,
Table 1. The volume varies as: methyl, ethyl, pfepio-propyl, n-butylt-butyl. Halogens are
also commonly substituted for hydrogen. Fluoring $ianilar hydrophobic character to hydrogen,
but a larger surface area.

Table 1. Substituent Parameters for Common Substisl

Substituer Volume (SA MR T Rot Bond:
-H 1.4¢ 0.1(C 0 (reference 0
-CHs 18.7¢ 0.57 0.5€ 0
-CH,CHjs 35.35 1.03 1.02 1
-CH,CH,CHjz 51.99 1.5 1.55 2
-CH(CHs), 51.3¢ 1t 1.5z 1
-CH,CH,CH,CH3; | 68.6: 1.9¢€ 2.1 3
-C(CHg)s 86.9¢ 1.9¢ 1.9¢ 1
-CgHs 72.20 2.54 1.96 1
-F 7.05 0.1C 0.14 0
-Cl 15.8¢ 0.6( 0.71 0

Both log P and MR increase with alkyl chain lengitJog Pyt and MR show a strong

correlation. However, polar functional groups irage MR, but decrease log P. MR, however, is
insensitive to chain branching. The number of edikg bonds increases ligand flexibility to

adapt to a particular binding pocket. Linear alllydins have more rotatable bonds than branched
alkyl chains. If you want to design in some shdexilbility, use straight chain substituents.

The comparisons in Figure 1 may also be helpfuyetting a better feel for log P. LogP
increases with alkyl chain length and decreasds efifin branching. In other words, branched
hydrocarbon chains are more soluble in water timsat chains. Molecules with charged
functional groups, like quaternary amines and caylades are the most soluble and therefore
have very negative logP. Alcohols are more solublgater than corresponding amines, that is,
alcohols have lower log P.



log P benzene 2.134 hydrophobic
pentanol 0.81

~  butylamine 0.8
pyridine 0.¢4

diethylamine 0.4

n-propanol -0.2¢

isopropanol-0.3¢€

ethanol -.75
methano-1.27

imidazole-0.0¢
phenylalanine-1.3€

hydrophillic tetraethylammonium iodid-2.82
alanine-2.8t

Figure 1. Correlation of log P with structure féeahols and amines. Calculations by CLOGP
program, http://www.daylight.com/release/index.htmi

The concept of biological isosteres is alsowlsg&hen designing ligands. Functional groups
that have similar properties are called isostérbe.similarity can be based on size, electronic
properties, or chemical function. For example, tses for the carboxyl group are given in Table
2. For the carboxyl isosteres the similarity isdzhen chemical function, specifically, acid-base
characteristics. Size, molar refractivity and loffgPhave a large variation. The tetrazole group,
which is listed third in the table, is one of thestwidely used isosteres.

Table 2 Bioisosteres for the carboxyl growgth typical pKa values for aryl compountls.

Substituent pKa T MR

-COOH 4.2 -0.32 6.9

-COO -4.36 6.0
H 4.5 -0.48 15.6
N.

N-N (tetrazols)
N -3.55 14.6
—(
N-N
-SO5 (sulfonates) -4.76 ~10
-SONH; (sulfonamides) 10 -1.82 12.3
-P(O)(OH)  (phosphonic acids) 1.42 -1.59 12.6

Sulfonates are completely ionized at physiologntdl so they are a good substitute for carboxyl
if the anion form of the drug is the active fornulf8namides are very weak acids; therefore they
are good isosteres for carboxyl groups only ifdbeve form is protonated. The order of
hydrophobicity for the anions is —gG& -COO < tetrazoyl. If the anionic form of the drug i®th
bound form and QSAR shows hydrophibic characteetter, then tetrazoyl substitution for
carboxyl is a good suggestion.

Bioisoteres for the carbonyl group include amijdrilfoxides, sulfones, and sulfonamides.
Isosteres for the hydroxyl group include many & same functional groups, Table 3. The
activity of a particular functional group depenabstbe target protein. For some binding sites
sulfonamides may be good isosteres for carboxgsother binding sites sulfonamides might be



good isosteres for hydroxyls. In other words, ribisasteric functional groups are
interchangeable for every problem. The actual agtof a given ligand always needs to be
measured in the laboratory.

When looking at a set of known active compouieds given pharmaceutical target, the
student might wonder how anyone came up with thstgutions that are used. The isosteres we
have discussed, however, should be very helpfuhvteking at a set of active compounds.
Using these ideas you can follow the logic of thedlininal chemists who have designed the
drugs that are in use today. Example analgesicsranen in Figure 2.

Table 3. Possible bioisosteres for ®H.

Substituent Op Tt MR
-OH -0.37 -0.67 2.9
)OJ\ 0.00 -0.97 14.9
—N° CH,
(amides)
g 0.03 -1.18 18.2
—N-3-CH;,
H O (sulfonamides)
-CH,OH 0.00 -1.03 0.72
J?\ -0.24 -1.30 1.37
—N NH,
H (ureas)
—N-C=N 0.06 -0.26 1.01
H

(aminonitrile)

acetaminaphen phenacetin butacetin (Thoma

Figure 2. Analgesics showing ethyl arblutyl substitution and a carbonyl or carboxyl isos.
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0OSAR of Antitumor Activity in Aziridinyl Benzoguinones

Quinones are a general class of compounds witkttbheture in Figure 1a. These compounds are
thought to undergo reduction in cells to form Orguie methides that are strong alkylating
agents. Alkylating agents attach alkyl groups to the IseiseDNA. A series of 2,5-bis(1-
aziridinyl)-p-benzoquinones have been tested aghimphoid leukemia in mi¢e The data in

our study table are for chronic treatment with ylaijection for 12 days and are given as the
log(1/MED), where MED is the minimum effective ddbat gives a 40% increase in life span.
The general formula for the aziridinyl benzoquineiseshown in Figure 1b.

O

| A
R1 H N

vN R2
O

O
Figure 1a. Benzoguinone Figure 1b. 2,5-bis(1-diniyl)-p-benzoquinones

In this exercise we wish to understand the effédiféerent R groups on the anti-cancer activity
of this group of compounds.

Procedure

1. Double click on the MOE icon on the desktop imgpam bar. In the MOE window pull down
the File menu and choose "Open".
» On Windowssystems type in “c:\Documents and Settings\Allrggaocuments\moefiles” and
press Enter to switch into the proper subdirectory.
» On OSXsystems type in “Documents/moefiles” and presgiEat switch into the proper
subdirectory.

Then click on SetCWDThis set sets the current directory as the deftndctory. Any further
access with the file librarian will default to tteabdirectory for opening or saving files.

2. Doble click on the benzo directory entry. Scdaivn and click on the " benzo.mdb " entry.
The “.mdb” extension is used for databases. Clitkhe "OK" button. All 28 of the molecules in
this study will be loaded. The experimental adigtare already input for you in column two.
The Free Energy of desolvation from water and adtdfh20 and Foct, respectively, are also
entered for you (See the QSAR Introduction). To enslire that any changes you make in the
data set aren’t saved under the original file nangeneed to save this data set under a different
name. Pull down the File menu in the Database Mieared choose “Save As...” In the file
dialog type in a new name with the following formiatewname.mdb" and click “OK”.

3. Remember that you can drag downward in onkefrtolecule cells to change from the
molecular name text to a structure. The first ehty R=CH; and R=CH(OCH;)CH,OH and is
the most active compound.



4. To make the structures easier to see, transveral of the molecules (one at a time) to the
MOE window by doing the following. Right click oh& molecule in the Database Viewer and
select Copy to MOE. In the Copy Database MoleculRIOE window select the Clear Molecular
Data option and click on OK. The purpose of thepss to just visualize the relationships among
the various structures; no calculations are necgstae mouse buttons are mapped as:

PC Mouse buttons Middle: Reorient molecule—xyz rotation
Middle and drag in periphery of viewing areaate around z only
Shift-Middle: xyz translation
Ctrl-Middle: zoom in and out

5. These molecules have already been molecularanashminimized. However, we need to
make sure that energetic calculations are donethitMerck Force Field, or MMFF. Pull down
the Window menu in the MOE window and choose PakS8etup. If MMFF94X is not already
selected, pull down the Load.. menu and choose MkFWe also would like to do solvation
energy calculations. Make sure the “Solvation:"i@apis set to Born. Click on “Fix charges” if
the button is active. Click on Apply and Close.

6. We will first try a QSAR using the classic degtors. In the Database Viewer pull down the
Compute menu and choose Descriptors. In the lides€riptors highlight apol, ASA, b_rotN,
density, dipole, E (potential energy), E_sol, lag®), mr, and vdw_vol. Note the definition of
each term in the list. Click OK.

7. The first thing to check is the correlation amdime different descriptors. We should not keep
descriptors that show a strong correlation. Suangtcorrelations can distort the QSAR
equations. Pull down the Compute menu, slide ghfnalysis and choose Correlation Matrix.
The numbers in the matrix show the correlation fociehts (r). The diagonal elements should be
100% since each variable is 100% correlated wstfit The first column gives the correlation of
the descriptor with the activity. This type of agation is good, and gives a strong indication of
the usefulness of the descriptor. Clicking onehefcoefficients generates a correlation plot for
that pair of variables. For example, clicking ocoefficient in the first column produces the
scatter plot for the activity verses the chosercdgg®r. In other words, the correlation plot ig th
result of the single variable QSAR for that dedaripHigh correlations in the other columns are
bad. To see the between-descriptor correlation plick on the coefficient for the corresponding
pair of descriptors. Look for any correlations @tkhan the first column) that are greater than
about+90%. One of each pair of such variables shoulddbeteld unless you have a particularly
sound reason to suspect that both variables witheenically useful.

In this particular exercise, you should findttASA, mr, apol, and vdw_vol are all strongly
correlated. Of the four, mr has the largest coti@tavith the activity (note the first column of
correlation coefficients). Also mr is one of theshoommon descriptors after log P for QSAR.
Therefore, we will delete ASA, apol, and vdw_votldeeep mr; see the next step for
instructions. Click Close for the Correlation Matwindow.

8. In the Database Viewer, click on the column egaébr ASA and then pull down the Field
menu and choose Delete Selected Fields. Click onnQKe warning box. Repeat this process
with apol, b_rotN, and vdw_vol. You should now haatumns for eight descriptors.



9. We are now ready to do some curve fitting. Balvn the Compute menu and choose
QuaSAR Model... The QuaSAR-Model dialog window shongpen. In the list of descriptors
highlight all the entries except the activity ot antry. And then click on Fit. The regression
coefficient (R) is listed in the status line. The QSAR fit eqaattoefficients should be

displayed in the second column. The size of theséficients does not necessarily indicate the
important of the descriptor since the numericafjeaaf the different descriptor values can be
very different. In other words, descriptors withgla ranges have smaller coefficients (slopes) for
comparable importance in the fit equation. To aotdor the range of the descriptor, the third
column lists the coefficient divided by the startdeviation of the descriptor values.

10. To get the full details on the fit click on tReport button. Note particularly the correlation
coefficient. In this example the result is abo@22, which is a reasonably good fit for this set of
descriptors (however, we are using too many desecs@t this point). The full regression
equation is listed as:

activity =5.953 -0.048 * Fh20 -0.085 * Foct +0.00E -0.087 * E_sol -0.215 * mr +0.252 *
dipole -0.032 * density-0.251 * logP(o/w).

At the bottom of the Results listing you will séx tsection:

RELATIVE IMPORTANCE OF DESCRIPTORS
0.851132 Fh20

1.000000 Foct

0.010625 E

0.534621 E_sol

0.481458 mr

0.144963 dipole

0.002385 density

0.650058 logP(0o/w)

The numbers in this section are calculated frormtrenalized coefficients and show which
variables are responsible for the largest porticth® variability in the data set. In this example,
Fh2o, Foct, E_sol, mr, logP(o/w), and the dipolemeat are the most important variables. E is
the molecular mechanics steric energy, which iresuaueous solvation Gibbs Free energy.
Fh2o and E_sol are expected to give comparablésesince both are just different ways of
approximating the same thing and they have a gesciilescriptor correlation coefficient of
0.72. Since we have 29 data points we can at ses4 or at most 5 descriptors in our study
(remember that you need at least 5 observationsaidn new variable). The next step will be to
redo the fit with only Fh20, logP(o/w), and theagmoment. You can try using E_sol and or
mr in a separate study.

11. Click the go-away box (or pull down the Filemaeand choose Quit) on the Results window
and click on Yes in the subsequent warning. InQuaSAR-Model dialog highlight the Fh2o0,
logP(o/w), and the dipole entries. Use steps 9l&nhabove to redo the fit. Note the new
correlation coefficient and the RELATIVE IMPORTANGEF DESCRIPTORS. Note that the
relative importance values can change a lot fraroffit. The correlation coefficient should be a
bit smaller, but not significantly smaller. If tieerrelation coefficient decreases significantly as
you leave out descriptors then you used the wrasgriptors in your fit. Click the go-away box
(or pull down the File menu and choose Quit) inResults window.



12. We need to get a visual picture of how well QAR fit does in reproducing the activity of
the data set. Scatter plots work well for this psg Back in the QuaSAR-Model dialog click on
the Validate button. Accept the default calculasiofhree new columns will be created in the
Database Viewer. The predicted activity from theent QSAR equation will be calculated
along with the residual from the experimental vallige Z-score is the number of standard
deviations from the mean for the residual for edata point, which is very useful when looking
for outliers. Now we can do our plot. Pull down thempute menu, slide right on Analysis, and
choose Correlation plot. Note the instructions pedbw the menu bar: next click on the heading
for the activity column to select the x-axis andrtitlick on the heading for the $PRED column.
The vertical axis displays the predicted activitynh the regression equation. If the regression is
perfect, the predicted and experimental activéiesuld be identical and the plot will be a
straight line with little scatter and a slope otolf the regression equation is not very good the
plot will have a lot of scatter and /or the slopé mot be close to one.

13. You can use the residuals or Z-scores in thalidae Viewer to look for outliers, which are
molecules that appear to act very differently frilni@ others in the study and so fall well off of
the regression line. Clicking on the row numbethie Database Viewer highlights the
observation in the correlation plot.

14. We now need to clean up before doing anotlggession method. Click away the correlation
plot. Click and shift click on the headings $PREBRES, and $Z-SCORE and remove these
columns from the spreadsheet. Also delete the awduior E, Foct, and density.

15. Another way to judge the importance of theaitéht descriptors in modeling the variance in
the data is to generate a Contingency table. Pwhdhe Compute menu and choose QuaSAR-
Contingency. In the descriptor list, select thecdpsors that you are most interested in and click
OK. C, V, U, and R are different statistical measuof which variables are most useful. The
definitions and guidelines for their use are giaéthe top of the printout. Use the values of C,
V, U, and R to help decide which variables to usgaur final QSAR.

16. Return to steps 9-15 to see if you can devalbetter QSAR. Choose the equation that gives
the best fit and that is the easiest to interpréeims of your goals for molecular design. The
general rule is that you need five times as marsgniations as variables for a valid regression.
In this case we have 29 molecules (observation)esmaximum number of descriptors
(variables) in the fit equation would be five. Hoxge, beyond three descriptors regression
equations begin to look suspicious. In gendrafewer the descriptorsthe better as long as an
adequate fit results.

17. Clean up as instructed in steps 14. Quit thalse viewer.
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Acetylcholine Esterase QSAR

Cholinergic nerves use acetylcholine as a neurstnéter. Acetylcholine acts between neurons
and in striated muscle tissue at the neuromusguuiation. When acetylcholine binds to the
receptor in a nerve cell an ion channel opensddiases a sudden change indéncentration

that depolarizes the cell membrane. Before theeneaw fire again, the acetylcholine must be
hydrolyzed into an inactive form. The hydrolysigiene by acetylcholine esterase, which is
bound in the membrane of the nerve close to thiylabeline receptor. The reaction is:

+ + -~ - +
H,C—N—CH;CH;0—C—CH, —= HC—I—CH;CH;0” +0—C—CH, +H

CH, + H,0 CH,
Figure 1. The hydrolysis of acetylcholine is cataky by acetylcholine esterase (ACE).

Nicotine and acetylcholine share a set of actisibased on interaction with the so-called
nicotinic receptors in the synapse of nerve c€enpounds that share similar activities are
called agonists. Nicotinic agonist drugs are usetbntrol blood pressure and neuromuscular
function by modulating the activity of ACE. The pose of this exercise is to determine the
important properties of compounds that are nicotagonists. With these properties in mind we
can then decide what new compounds would be b&ttetinic agonists.

Table 1. Relative potencies of nicotinic agonisisaged by contracture of frog muscle.

Num | Agonist Relative
ber potency
1 (+)-anatoxin 110

2 Pyrido[3,4-b]Jhomotropane ~100

3 Isoarecolone methiodide 50

4 3-hydroxyphenylpropyltrimethylammonium 28

5 4-aminophenylethyltrimethylammonium 15

6 3-hydroxyphenylethyltrimethylammonium 9.8

7 Dihydroisoarecolone methiodide 9.1

8 Arecolone methiodide 8.6

9 Coryneine (i.e. dopamine methiodide) 5.3
10 | 1-Methyl-4-(trifluoroacetyl)piperazine methiodid 4.6

11 | 1-Methyl-4-acetylpiperazine methiodide 2.6
12 | (#)-Isoarecolol methiodide 2.0

13 | 1-Methyl-4-carbamyl-1,2,3,6-tetrahydropyridinetimodide 0.77
14 | 1-Methyl-1,2,3,6-tetrahydropyridine-4-methanatmodide 0.35
15 | Dihydroisoarecolol methiodide 0.25
16 | 1-Methyl-4-carbamylpiperazine methiodide 0.15
17 | 1-Methyl-4-carbamylpiperidine methiodide 0.052
18 | (x)-Octahydro-2-methytrans-(1H)-isoquinolone methiodide 0.015
19 | 1-Methyl-4-piperidone oxime methiodide 0.0055
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Figure 2. Nicotinic agonists.



In this study we will use quantitative structacivity relationships, QSAR, to determine the
correlation between structure and function of aoéebmpounds, Table 1 and Figure 2, that have
been tested for contracture of frog mu&clne better the activity the higher the valuehef t
relative potency, which is measured as a log Ye talue. Here c is the concentration for a
particular level of activity.

An important part of this study is the handlofgutliers. Often, a large set of data cannot be
adequately treated by linear QSAR methods. Whenpittblem occurs, there are three choices:
(1) give up, (2) try using more exotic non-lineppeoaches, (3) remove unusual compounds
from the data set. These unusual compounds thabtae adequately treated by the QSAR are
called outliers. After removing outliers, the régg QSAR is less universal, but the equations
can still be used to understand the structure-fonctlationships of the remaining compounds.

The trick of treating some compounds as outigte not discount them completely. After you
finish your QSAR study you should go back and labkhe outliers. The outliers may in fact be
the key to building better solutions to your proble

Procedure

1. Double click on the MOE icon on the desktop imgpam bar. In the MOE window pull down
the File menu and choose "Open".
» On Windowssystems type in “c:\Documents and Settings\Allrggdocuments\moefiles” and
press Enter to switch into the proper subdirectory.
* On OSXsystems type in “Documents/moefiles” and pressiEiat switch into the proper
subdirectory.

Then click on SetCWDThis set sets the current directory as the dethndctory. Any further
access with the file librarian will default to tteabdirectory for opening or saving files.

2. Double click on the “nicact” directory in theefilist. Scroll down and click on "nicact. mdb"
entry. Click on the "OK" button. All 19 of the malgles in this study will be loaded. To make
sure that any changes you make in the data sét samed under the original file name, we need
to save this data set under a different name.d@wh the File menu in the Database Viewer, and
choose “Save As...” In the file dialog type in a neame with the following format
"newname.mdb" and click “OK”.

3. Remember that you can drag downward in onkefrtolecule cells to change from the
molecular name text to a structure. The first ergnatoxin A, is the most active compound.

4. To make the structures easier to see, transveral of the molecules (one at a time) to the
MOE window by doing the following. Right click oh& molecule in the Database Viewer and
select Copy to MOE. In the Copy Database MoleaulRIOE window select the Clear Molecular
Data option and click on OK. The purpose of thépgs to just visualize the relationships among
the various structures; no calculations are necgsthey all have a quaternary ammonium
group. Locate this charged group. The mouse butdomsnapped as:

PC Mouse buttons Middle: Reorient molecule—xyz rotation
Middle and drag in periphery of viewing areaate around z only
Shift-Middle: xyz translation
Ctrl-Middle: zoom in and out




5. These molecules have already been molecularanashminimized. However, we need to
make sure that energetic calculations are donethittMerck Force Field, or MMFF. Pull down
the Window menu in the MOE window and choose PakS8etup. If MMFF94X is not already
selected, pull down the Load.. menu and choose MkFWe also would like to do solvation
energy calculations. Make sure the “Solvation:"iapis set to Born. Click on “Fix charges” if
the button is active. Click on Apply and Close.

6. We will first try a QSAR using the classic degtors. In the Database Viewer pull down the
Compute menu and choose Descriptors. In the lides€riptors highlight apol, ASA, density,
dipole, E (potential energy), E_sol, logP(o/w), amgd vdw_vol. Note the definition of each term
in the list. Click OK.

7. The first thing to check is the correlation amadine different descriptors. We should not keep
descriptors that show a strong correlation. Suangtcorrelations can distort the QSAR
equations. Pull down the Compute menu, slide mghfnalysis and choose Correlation Matrix.
The numbers in the matrix show the correlation ficehts. The diagonal elements should be
100% since each variable is 100% correlated watfit The first column gives the correlation of
the descriptor with the activity. This correlatisngood, and gives a strong indication of the
usefulness of the descriptor. High correlationth&nother columns are bad. Look for any
correlations (other than the first column) that gmeater than about 90%. One of each pair of
such variables should be deleted unless you hpegtiaularly sound reason to suspect that both
variables will be chemically useful. You shoulddithat ASA, mr, apol, and vdw_vol are all
strongly correlated. Of the four, mr has the largesrelation with the activity. Also mr is one of
the most common descriptors after log P for QSAReréfore, we will delete ASA, apol, and
vdw_vol and keep mr. Click Close in the Correlatidatrix window.

8. In the Database Viewer, click on the column vegébr ASA and then pull down the Field
menu and choose Delete Selected Fields. Click onnQKe warning box. Repeat this process
with apol and vdw_vol. You should now have colurforssix descriptors.

9. Pull down the Compute menu and choose QuaSAReMod he QuaSAR-Model dialog
window should open. In the list of descriptors Higjt all the entries except the act entry. And
then click on Fit. The regression coefficienfX® listed in the status line. The QSAR fit
equation coefficients should be displayed in trewed column of the list box. The size of these
coefficients does not necessarily indicate the irigmd of the descriptor since the numerical
range of the different descriptor values can bg ddferent. In other words, descriptors with
large ranges have smaller coefficients (slopesgdonparable importance in the fit equation. To
account for the range of the descriptor, the thotdimn lists the coefficient divided by the
standard deviation of the descriptor values. Whiescriptor has the largest normalized
coefficient, and thus explains much of the varigbih the data set?

10. To get the full details on the fit click on tReport button. Note particularly the correlation
coefficient. In this example the result is abo@®2) which is a poor fit for this set of descriptors
The final fit equation is listed as:

act =-368.03 +0.157 E -5.585 E_sol +31.73 mr -B2ipole +10.23 density +11.73 logP(o/w)
At the bottom of the Results listing you will sé tsection:



RELATIVE IMPORTANCE OF DESCRIPTORS
0.201868 E

0.738168 E_sol

0.439596 mr

1.000000 dipole

0.013018 density

0.315726 logP(o/w)

The numbers in this section are calculated frormtirenalized coefficients and show which
variables are responsible for the largest porticthe variability in the data set. In this example,
dipole, E_sol, mr, and logP(o/w) are the most ingradrvariables. Since we have 19 data points
we can at best use 3 or at most 4 descriptorsristady (remember that you need at least 5
observations for each new variable). In this datars and logP(o/w) are fairly highly correlated
(0.87), so we should only keep one of them. Sing@{o/w) is the most commonly used
descriptor, we will continue with only logP(o/w)f €ourse in a careful study, a second analysis
would also be done with just mr and the betteheftivo kept. The next step will be to redo the
fit with only E_sol, logP(o/w), and the dipole momte

11. Click the go-away box (or pull down the Filemaeand choose Quit) on the Results menu
and click on Yes in the subsequent warning. InQuaSAR-Model dialog highlight the E_sol,
logP(o/w), and the dipole entries. Use steps 9lénabove to redo the fit. Note the new
correlation coefficient and the RELATIVE IMPORTANGEF DESCRIPTORS. The correlation
coefficient should be a bit smaller, but not sigmraihtly smaller. If the correlation coefficient
decreases significantly as you leave out descept@n you used the wrong descriptors in your
fit. Click the go-away box (or pull down the Fileemu and choose Quit) in the Results window.

12. We need to get a visual picture of how well Q®AR fit does in reproducing the activity of
the data set. Scatter plots work well for this msg Back in the QuaSAR-Model dialog click on
the Validate button. Accept the default calculasiofhhree new columns will be created in the
Database Viewer. The predicted activity from theent QSAR equation will be calculated
along with the residual from the experimental vallige Z-score is the number of standard
deviations from the mean for the residual for edata point, which is very useful when looking
for outliers. Now we can do our plot. Pull down thempute menu, slide right on Analysis, and
choose Correlation plot. Note the instructions pedbw the menu bar: next click on the heading
for the act column to select the x-axis and th@kan the heading for the $PRED column. In
the correlation plot which variable is plotted de horizontal axis and which along the vertical
axis? A perfect fit would result in the data poilyisg on a diagonal line with a slope of 1. The
correlation plot shows that the most active compagrsignificantly under-estimated by the
QSAR regression equation, and some of the lesgeativlecules are also not well fit.

13. You can use the residuals or Z-scores to lookdtliers, which are molecules that appear to
act very differently from the others in the studylao fall well off of the regression line. The
fourth molecule is better represented by the &ntthe first three. Anatoxin-A has the worst fit.
Clicking on the row number in the Database Viewghlights the observation in the correlation
plot.



14. We now need to clean up before doing anotlggession. Click away the correlation plot.
Click and shift click on the headings $PRED, $R&%®] $Z-SCORE and remove these columns
from the spreadsheet. Also delete the columns famdedensity.

15. Since our first attempt was so bad, we needtodwn to some non-traditional descriptors to
see if we can get a better fit. Return to the CaePescriptors dialog and add the following
descriptors: b_rotN, vdw-vol, PEOE-VSA_PPOS, PECEAVHYD, VSA base, VSA_ hyd.

The vdw and VSA descriptors add up the Van der $aalumes of the atoms in different ways.
The volumes are based on approximations that dee'the 3D geometry, so you don't need to
know the correct conformation of the molecule. dask the volumes use the connection table and
estimate the overlap volumes from bond connectivibe PEOE descriptors are based on charge
assignments using the Gasteiger method. The dessrgre summarized as:

Descriptor Comment
b rotN Number of rotatable bonds
vdw-vol Total van der Waals volume

PEOE-VSA PPOS Total positive polar van der Waalfasa area fog; > 0.2.

PEOE-VSA_HYD | Total hydrophobic van der Waals surface areagfieQ.2.

VSA base Sum of VDW surface areas of basic atoms

VSA hyd Sum of VDW surface areas of hydrophobicreto

Similar descriptions for other descriptors are lade from the MOE Help Web pages.

16. Return to steps 9-14 to see if you can develbetter QSAR, but this time you decide which
are the best descriptors to use. Record the equiiad gives the best fit and that is the easgest t
interpret in terms of your goals for molecular desiThe general rule is that you need five times
as many observations as variables for a valid ssgva. In this case we have 19 molecules
(observations) so the maximum number of descrigfi@sables) in the fit equation would be
three. In generdhe fewer the descriptorsthe better as long as an adequate fit results.
Remember that mr and vdw_vol are highly correlasedjon’t use both. Check for other highly
correlated descriptor pairs.

17. Finally, just do the fit with vdw_vol, PEOE_VSHAYD, and VSA_base. Record the
coefficients. Did youbest fit do better or worse?

19. Notice that none of the fits work out reallylw@/hat is the problem with our fits? Look at
the scatter plots (see Step 12). What does thégosif the data points relative to the fit lindl te
you? Think about this carefully to make sure yoderstand the problem. For the answer, look at
footnote 3.

20. Clean up as instructed in steps 14.

21. Look at the values for the VSA_base descripitine Database Viewer. Note that only the
two most active compounds have a value for thigatée. The success of the fit so far has
depended on using VSA_base to account for the atlydarge activities for anatoxin-a and
pyridohomotropane. Usually we don't like to useeadatiptor that has zero values for most of the
molecules in the study. These two molecules ataljfferent than the rest. In addition the



residual for isoarecolone is particularly poorcsiit doesn't have an available basic site but is
still quite active. We will delete anatoxin-a angigohomotropane from the data set to see if we
can develop a QSAR model that does a better jalesdribing the activity trends for the
remainder of the molecules. Click on the row nuniti&in the left most column of the
spreadsheet and shift-click on row 2. Now pull dath Entry menu and choose Hide Selected
Entries. The whole rows should be temporarily reetbfrom the table. In addition hide all the
compounds with activities less than 0.5. You shawla have molecules 3 — 13 in the table.
Shift and shift-click on all the remaining rows.thre QSAR-Model window, check the “Selected
Entries Only” option. Redo your fits including nogP(o/w), and E_sol in addition to
PEOE_VSA_HYD and PEOE_VSA_PPOS. With only 11 obs&ons only two descriptors can
be justified.

23. Does rejecting these molecules as "outlierstipece a better QSAR as we would normally
expect? Is rejecting outliers always a bad ideaoess rejecting outliers help in highlighting fit
problems with the remaining observations? Cleaaumstructed in step 14.

Summary:

A final comment is that it is difficult to generaaegood QSAR for this group of compounds.
Some information can be gleaned from our QSAR tgshit the results are not what you would
like. Another approach to the design strategy daeeceptor modeling, which is the subject of
the next exercise.

Report:

1. Give the QSAR equation that best describesdheity trends in this group of compounds

with all the molecules present. Keep in mind the rulesiffermaximum number of descriptors,
and the desire to keep the number of descriptossadl as possible. Give the QSAR equation
that best describes the activity trends for moles@ — 13? Remember the rule on the maximum
number of descriptors.

2. Other than the quaternary ammonium cation, \otrar properties enhance the activity of
these compounds? Use your QSAR results to helpeXample, if the dipole moment

contributes in your QSAR equations from questioth&én you can hypothesize that changing the
dipole moment would help. Look at the sign of thedefficient for the important variables to
decide if a bigger or a smaller value increasesigctUse the RELATIVE IMPORTANCE OF
DESCRIPTORS listing to decide which descriptors will have thiggest effect. Propose a
molecule that incorporates these changes.
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3. The most obvious problem is that isoarecolon fi& well. Rejecting isoarecolone as an
outlier will obviously improve the fit regressiopefficient, so we won’t bother doing that
here. Rather we will focus on another problem. atier problem with our fit is that the most
active compounds, anatoxin a and pyrido-homotropareeso much more active than the
other compounds, that they dominate the fit. Detethe two most active compounds will
allow narrower ranges for the plotted activity gxehkich will allow the deviations of the less
active compounds to be more easily seen.



Building a Receptor M odel.

Often, the active site of an enzyme is unknown. Elav, it is still necessary to guess the
important attributes of the active site to desigttdr drugs. One way to guess the properties of
the active site is to assume that the properti¢lseéctive site are complementary to active lead
drugs. For example, if the active leads have aipgesienter at a particular location, then the
enzyme might have a negatively charged amino azadhy. If the active leads have a hydrogen
bond donor in some spot, then the enzyme might hdwelrogen bond acceptor in a nearby
location. While the enzyme is presenting complem@srfunctionality to the leads, it must also
minimize steric repulsion and maximize favorablen\der Waals interactions. To guess the
shape of the active site that allows such favoratéractions, we look at the 3D- volume
occupied by the active leads. The enzyme mustang groups that extend into the volume
occupied by the drug. The receptor model surfateeis taken as the combined Van der Waals
surfaces of the active leads.

Sets of active lead compounds will have impdrsamilarities and differences. To determine
which similarities are important, we use the expertal activity data of the leads when we
build the model. For example, if one of the leadthe study has an additional H-bond donor that
the others don't have, we can determine if theagyup is important by looking at the activity
data. If the unusual compound has a higher actiléip similar leads then the extra group must
be important. If the unusual lead has an actiatydr than similar compounds then the extra
group is not important. Weighting all the lead campds by their activity reinforces the good
attributes of the compounds and de-emphasizesiingoortant features.

Before the receptor model can be built, howeter Jead molecules must be aligned so that the
active functional groups of the molecules are amping in space. This step is often the most
difficult step in a receptor study. One reasorhé thany compounds have rotatable bonds, so
that we must find the "active" conformer first ahdn rotate the molecule to align with the other
molecules in the study. For guessing the "actiwgifarmer, we can get some help if some of the
drugs have ring systems that restrict the numbpos$ible conformations. We then choose a
relatively active lead compound that is inflexibled then find conformations of the more
flexible leads that mimic the inflexible ones. Ahet difficulty in alignment is that usually we
don't really know what the active functional groupshe pharmacophore are, so each of the
above steps involves some guessing. Often it isssary to build several receptor models based
on alternate assumptions for the pharmacophores.

In this exercise we will use our set of ACE Iitors to build an active site receptor model for
ACE using the Flexible Alignment procedure in MQe three most active compounds, with
file names anatoxin_a, isoarecolone-methiodide,3ahgdphenpropMe3 will be used to build
the receptor model. Start up MOE. The Molecular Matcs Tutor instructions will be very
useful as you complete the following steps.

Procedur e:

Open the L igands

1. Pull down the Filemenu and choose "Open..." If the current directemt the /moefiles
directory, use the pull down menu at the righthaf tle name dialog box to choose the
“c:\Documents and Settings\All Users\Documents\nie&fon the PC or
“Documents/moefiles” directory on OS-X. Click oret€WD (Current Working Directory)




button if this directory isn’t already the defaditectory. Double click on the nicact directory
listing to open that directory. Click on anatoxirmae and then click on "Open MOE file."

2. Similarly open the files isoarecolone_meth.moe &mydphenpropMe3.moe so that all three
molecules are shown in the MOE window. They willdwerlapping.

3. We must next specify the force field that we wigluse. Pull down the Window menu in the
MOE window and choose Potential Setup. If MMFF94Xot already selected, pull down
the Load.. menu and choose MMFF94x. Make sure $lodvation:” option is set to “gas
phase”. Cick on Fix Charges if the button is act®@kck on Apply and Close.

Align the Ligands

4. Pull down the Compute menu, slide right on Confdroms, and choose Flexible Alignment.

5. To speed the alignment process for this simpleos@&rwe will choose options that simplify
the alignment procedure. This is in part possilelegise anatoxin-a is rather inflexible, so we
don’t need to spend a lot of time finding low eneecgnformations for anatoxin-a. The other
two molecules just need to fit to anatoxin-a wigke the settings shown below.

Allgnmem Mode: | Fiexible  FigidBoty| [ Retine Existing Allgnmen

Outpnt Database: ||u_exa1.;m_ mdh Broveze.,
W Cpen Database Yiewer

Reration Limit: | 15 ¥ Falure Limit (20 ¥ Energy Cutoff: | L0 i

Options: W Caleulate Farcefield Charges Prior to Search
F Stocha=tic Conformetion= S=arch

OS-X users use output database: Documents/moafdast/flexalgn.mdb. Click on Settings
to choose the following options:

Configuration Limit: lDEI ¥
Alpha: |z_5 RMSD Tolerance: (0.5 ¥
Gradient Test: [0.01 ¥ Maximum Steps: | 500 ¥

Options: F Randomly Raotate Single Bonds
|_ Randomly Rotate Double and Conjugsted Bonds
F Preserve Chirality of Unconstrained Chiral Centers:
F Randomly Invert Unconstrained Chiral Centers

Similarity Terms

|_ H-Bond Donar 1 |_ LogPiofw) 1
[ H-Bond Acceptor |1 | Molar Refractivity | 1
[ Aromaticity 3 [ Partial Charge |1
W AcidBase 1 [m wolume 3
|7 Hydrophobe 1 |_ Exposure 1
|_ Polar Hydrogens |1

In particular, choosing the Iteration Limit at 1&ynmiss some possibly good alignments.
The functional groups on the molecule allow uskip $ooking for Hydrogen Bond donors
and Aromaticity. Click on Apply or OK.

6. The database viewer should appear and after asfood the Flexible Alignment should
produce 1-6 possible alignments. The results wilsbrted by strain energy, U. Often the
alignment with the smallest strain energy is b&se Column labeled S lists the “objective
function.” This value evaluates the quality of glignment, judged on the basis of the



overlap of the specific chemical functionality tlyau chose for the alignment ( H-Bond
donors, Acid/Base, and Volume). Ideally the beginmhent will have the lowest strain
energy and the highest S value. The first listeghatent will automatically be transferred to
the MOE window.

7. Rotate the aligned molecules in the MOE windowlieesve how the chemical functionality
has been aligned. Transfer another alignment otdvibe MOE window to see if you agree
with the rankings from the S values. Transfer @gnald set of molecules to the MOE
window by clicking the right mouse button in thelsgule cell. You should see a pop up
menu; select Copy to MOE. Next you see a new diatbg select the Clear Molecule Data
option and then OK. The new alignment should apjetire MOE main window.

Build the Receptor M odédl

8. Pull down the Compute menu, choose Partial Chargesd. select Method: Gasteiger
(PEOE) charges. Click on OK. Pull down the Compdanu and choose Surfaces and Maps.
Choose Surface: Interaction. The bottom half ofShefaces and Maps window lists the
active parameters. Choose Color: Electrostaticgl &slshown below:

Surface: Interaction (DWW T||Iame:|Holecular Zurface

Atoms: Al Atoms ¥ jl_ Wizible Only
Hear: Ligand Atoms ¥ j Within: (4.5 Li

Color: Electrostatics ¥| Soiv| 2| x: [~
TF:_i T w ¥ X|as v
TB: | I

Click Apply. The TF and TB sliders control the tsparency. TF is for the front surface and
TB for the back surface. Play with these settilngsete the effect to get an idea of the spatial
relationships. The charge distribution shown i tdfdhe ligand. If we look at the surface as
the binding site for the ligand in the protein, thearge distribution for the receptor would be
opposite to the ligand. For example, the receptarivhave functional groups with partial
positive charges placed near the red area of tffi@cguto interact with the negative charge on
the carbonyls or the hydroxyl oxygen. Change thieCsetting to ActiveLP. Now the
receptor would have corresponding regions to th@ersshown. If the ligand surface is
hydrophobic (green) the receptor pocket would bBilsdydrophobic. The new color-coding
also shows the locations of the lone pairs on #nbanyls or hydroxyl groups on the ligands.
The receptor model would have hydrogen bond doplexsed to interact with the lone pairs
on the ligand. Change the render setting to Liseemd of Solid. This setting will also allow
you to see the orientation of the ligands bett@teNhe location of the carbonyl or hydroxyl
oxygens. Click on Clear to clear the surface.

9. In the Surfaces and Maps dialog, change thea&errto Electrostatic Map. This map is
calculated using the Poisson Boltzmann equationcfwive will discuss in the
electrochemistry portion of the lecture, also $eedorresponding chapter in the Molecular
Mechanics Introduction). The Poisson Boltzmann @qodakes careful account of the charge
distribution of the molecule and the mirror chargest are induced in the surrounding solvent.




The result is a grid of points with the electrastand Van der Waals energy evaluated at each
point around the molecule. The resulting contoufases are much more accurate than the
electrostatic coloring used for Interaction, or @olty surfaces, generated in the last step.Click

on Apply.

Surface: Electrostatic Map T|Ilame:|Electrc-static Hapl

Atoms: Al Atoms ¥ jl_ Wizible Only
Hear: Ligand Atomz ¥ j Within: (4.5 ¥

Level: Hyd: Line ¥ LAl J' :|—3
Acc: Line v| [l r|t | i -z
pon: Line v | [l vt |

The resulting contours are predictions for the typmteractions that might stabilize ligand
binding: Hyd for hydrophobic interactions, Acc foydrogen bond acceptors or regions of
positive electrostatic potential on the underlymglecule, and Don for hydrogen bond donors
or negative electrostatic potential on the undegynolecule. The sliders control the iso-
contour level value (in kcal/mol) for each electati€ region. Use the slider or the text field to
enter the display level. The generated surfacebgilll points in space for which the
interaction potential (electrostatic and van de@gis equal to the specified value. The
surface will dynamically update (in the MOE windosg that Apply need not be pressed. Note
that hydrogen atoms and partial chargesrequired for Electrostatic Maps.

The electrostatic map shows that quaternary amumocompounds produce a very diffuse
(unfocused) electrostatic field. The interactiomhvthis region will be nondirectional. Even
though the quaternary ammonium group produces iiy@slectrostatic field, there is no
possibility for interaction with hydrogen bond apt@'s, so the red region of your map just
highlights the area where negatively charged foneti groups might interact and the “Acc”
indication is really not applicable for this systefne “Don” and “Acc” indications are
particularly applicable, however, when mappinglimeing pocket of proteins based on the
protein structure directly (rather than in the tigdbased approach in this exercise).

Finishing Up

1.

Pull down the Window menu and choose Graphic Objé&dlick on the line in the list labeled
Molecular Surface. Then click Delete and then clit&se. Pull down the File menu in the
Database viewer and choose Quit.

Click the Close button on the right hand side efMOE Window.



Deter mining a Phar machophore

Several Angiotensin Il antagonists are shown beldvese drugs are used instead of the earlier
angiotensin converting enzyme inhibitors when siffiects are a concern.

Angiotensin Il Antagonists (log P in parentheses)

Candesartan (5.77) Irbesartan (6.3)
Chiral o)
M 7
N N o) N=N
0 Q ’\\I N I\
o) N= Nao N
. O @
Valsartan (5.44) Abitesartan (5.56)
N~
N/ \N
\ /
N

Milfasartan (5.68) Zolasartan (6.26)



A pharmachophore is a search query that will be tisesearch a database for other compounds
that might have similar biological activity. One @ build a pharmachophore is to determine
the simplest collection of functional groups thapear in common with a group of active
compounds. There is no single correct answer ®ptiarmachophore.

The best way to determine if a pharmachophooseé$ul is to use it in database searches. If the
database search returns only compounds that avenkimohave the target biological activity then
your pharmachophore is too specific. It is onhdfirg compounds that you already know are
active. If your pharmachophore produces thousahdatabase hits, it is too general. Thousands
of hits would be impossible to sort through to deiee which would be best for further testing.
The best pharmachophore strikes a happy mediummbisé useful pharmachophores return a
large number of active compounds that are alreadgé. This ensures that you have chosen
functional groups that are appropriate for the paep But the most useful pharmachophores also
return compounds that have not been tested foodpidl activity for your target and also display
some unusual structural features that you mighhawe thought of otherwise. In other words the
best pharmachophore sparks your imagination almasilple lead compounds without leading
you down blind alleys.

1. Determine a pharmachophore that would fit allodithese compounds that would provide a
minimum number of database search hits of otherstyl compounds. Be explicit about bond
and atom types. Do your searches in the CMC3D da&alAn easy way to build your
pharmachophore is to do a database search forléise 6f angiotensin inhibitors to find one of
the above compounds, for example

like “%angio%”
will work. Then transfer this compound into ISisAWr and erase the parts of the molecule that
are not common to the other active compounds. Foguke heteroatom functional groups
Also, the tetrazole group is an isostere for a@ayldicarboxylate functional group. There are
only a few tetrazoles in the database, so keepiagetrazole in the pharmachophore
unnecessarily restricts the possible number ofbda& hits. Use a general carboxyl
pharmachophore instead of the tetrazole grouph@srs below:

A
Nao N Q@

The Q atom type stands for any atom except C anthel A atom type stands for any atom
except H. Find a pharmachophore that recoversxatifghe active compounds, but no more than
about 30 total compounds. Report this pharmachephor

2. Erase some additional part of your pharmachapl@noose a part to erase that you feel would
allow much additional flexibility, but at the sartige won't generate over 400 additional hits.
Report this new pharmachopha@ed also give an example @fatabase hit that shows some
new functionalitynot present in the original active compounds yoatfeel might be worth

testing.




M utagenicity of Chlorofuranone Derivatives

Introduction!

3-chloro-4-(dichloromethyl)-5-hydroxy-2(5H)-furaneCIF) is a strong acting bacterial
mutagen resulting from the chlorine bleaching obd@ulp. The mutagenicity of CIF has been
reported to be in the range of 6,300 induced narathanomole (I®mole) inSalmonella
typhimurium (TA100), making it one of the most potent of theITD® mutagens. The TA100 test
is one of the Ames screening methods used to me#seicancer causing potential of
compounds.

HO oo Rl. o _o
H | — H | —
Cl,HC Cl R2 R3
3-Chloro-4-(dichloromethyl)-5-hydroxy-2(5H)-furaneCIF) CIF Analogs

The mutagenic characteristics of this class of mdés can be traced to interactions between the
LUMO orbital of CIF and the HOMO orbital (Highest@upied Molecular Orbital) of the
nucleic acid Guanine in the DNA of the salmonebatkria. The CIF/DNA interaction prevents
proper DNA replication, which results in enzyme atigns in subsequent generations of the
bacteria.

Numerous analogs of CIF have been isolated harhcterized for their mutagenicfty.In
general these differ in the degree of chlorinatiad ring substitutions. The CIF analogs to be
examined typically have R (H, OH, OCH, or OCHCHs), R-= (H, CH:CI, CHCE, or CH), and
Rs= (H or Cl). The mutagenicity is usually expresasd

Number of induced mutatiolns
Nanomole of CIF analog

In(TA100) = |

Thus, for the CIF parent structure [3-chloro-4-fdicomethyl)-5-hydroxy-2(5H)-furanone] the
activity can be expressed as In(TA100) = In(6,380n(TA) = 8.748. In the following procedure
you will determine the mutagenicity of a CIF anafogwhich mutagenicity data is unavailable
by examining the correlation between the CIF andldfMO energy, and the mutagenicity
expressed as In(TA100).

The structures are already drawn and minimiz#aguPM3 for you, to save time. Using PM3
is advisable since the molecules under study hialkeices. We will also consider some more
classical QSAR descriptors to help complement tU®D energy. These descriptors, such as
Van der Waals surface area (VSA), molecular vol{vd), dipole moment, and logP are good
indicators of the molecular interactions that aittding and transport of drugs. The LUMO adds
information to the QSAR study on molecular reativi



Chlorofuranone Data Set.

Hoj :o: io CH;0
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CILHC 8.748 Cl CIHC seag Cl CIH,C 6.361 |
Hj O iO HO: O io Hj O io
CIH.,C
CLHC 5176 Cl Cl 4,004 Cl 1503 |
H: O io Hj :O: io HO (0] (@)
Cl 0.113 Cl CH, 6.000 H CH, 3.507
H (0] (@) HO (@] (@) HO (0] (@)
(0] _ -
CH;
CIH,C H 3
-6.000 1.351 0.405
,CH;O (@] (0] /CHZ—O (@] (@) HO (@] (@]
CH, L CH, L L
Cl CH H Cl
0.223 3 0742 1.603
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unknown:
CIH,C H

Procedure Outline (The step-by-step instructions will be given below

1. Load the furanone database.

2. Fill the database spreadsheet with MOPAC basedigass and a few general
descriptors.

3. Do patrtial least squares, PLS, based QSAR.

4. Choose the best two-descriptor QSAR equation thes the LUMO energy.

5. Predict activity of the unknown from the best QSédjuation.



Procedure

You will need to use the QSAR of Antitumor Activity Aziridinyl Benzoquinone€AMD
tutorial to refresh your memory on how to do a QS#ily. These instructions highlight the
differences necessary to do this study.

1.

9.

Start up MOE. Load the database that is in thenfuma directory, called “furanone.mdb”.
From the database viewer window, save this datalrader a different name avoid
corrupting the original data.

The molecules should already be entered with aietssiexcept for the last molecule,
which is the unknown. The unknown is in the taldelsat the values for the descriptors
will be generated.

We just want a few descriptors for this study. PloNvn the Compute menu and choose
Descriptors. In the descriptors list scroll dowm &tick on PM3_DIPOLE, PM3_HF,
PM3_HOMO, PM3_LUMO. Remember that the Heat of Fdroma or HF, isn’t a heat of
formation really at all. HF is just the total elextic energy of the molecule.

We also need to add a few standard, non-quanturhanemal descriptors. Click on VSA,
vol, PEOE_VSA_HYD, and then SlogP. Click the OKtbatfor the QuaSAR-Descriptor
dialog box. After a few minutes, the system wilhqaete a MOPAC calculation on each
of the molecules in the spreadsheet, automatichitlgse steps should result in eight new
columns in the spreadsheet.

Record the results for the descriptors for the emkmmolecule. This molecule is in the
last row of the table. You will need these valwssti.

Pull down the Compute menu, slide right on Analyaisd choose Correlation Matrix.
Observe the correlations and decide which descs e likely candidates for good
QSAR models following the guidelines in the QSAR Atitumor Activity in Aziridinyl
BenzoquinoneJutorial. Note that "vol" and VSA have a high @ation so that only

one of the two should be used in any QSAR regras%iou can delete "vol" from the
spreadsheet.

Pull down the Compute menu and choose QuaSAR-Maielose PLS regression and
then do the curve fit. Since we only have 15 obstgrns we should stick to two-
descriptor models. Make sure that one of the detses is the LUMO energy. Record the
resulting Rvalues, as listed in the Status line in the Qua$Adriel window.

Choose the three models that have the besaRes. View the reports and record the
QSAR equations for these three fits. Rememberdiodie the constant term. Observe the
scatter plots of the calculated and experimentaliies.

Choose the QSAR equation that you feel best mdbelsxperimental activities. Use this
equation to predict the activity of the unknown.

10. Close down MOE and log off of your computer.
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