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MDSimAid: AN AUTOMATIC RECOMMENDER FOR OPTIMIZA TION OF
FAST ELECTROSTATIC ALGORITHMS FOR MOLECULAR SIMULATIONS

Abstract

by
Alice N. Ko

Molecular dynamics (MD) for modeling the behavior of biological moleculesis
an important but di cult task. This thesispresens an approad that incorporates
ideasfrom recommendersystemsand automatic empirical optimization of software
to simplify the tasks of setting up a computer model for MD and for choosing the
optimal algorithm and parameters. It is intended to act as a guide for beginners
to perform molecular modeling and alsoto presen a concreteexample;a program
written in Python called MDSimAid that helpsusersto prepare molecular systems
for MD simulations. MDSimAIid usesa MD padage called CHARMM (Chemistry
at HARvard Molecular Medhanics) and Pr otoMol  (a framework for molecular
dynamicssimulations dewelopedin our laboratory) to preparethe molecularsystems
for simulations, allowing usersto bypassthe needto understandthe speci ¢ format
and terminology as well as the protocol required by the simulation software. The
motivation is to let biologists do the biology and let computer scierists handle
the programmingand algorithms. MDSimAid interacts with Pr otoMol to decide
which is the bestalgorithm to handle electrostaticsand the optimal parametersfor
the algorithm in order to attain the highestaccuracyin the shortesttime possible.
MDSimAid provides real time analysis and has the parameter-tuning and data-

mining abilities to nd the optimal valuesfor the parameters.
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We alsopresen tests of MDSimAId in choosingthe optimal parametersfor three
fast electrostaticsalgorithms: an O(N) multigrid summation in periodic boundary
conditions, multigrid summation in vacuum, and the O(N logN) Particle Mesh
Ewald (PME). Our tests clearly showv that multigrid is fasterthan PME for systems
with about 6000 atoms or more. These discoveries are incorporated as rules in
MDSimAid, along with predictions of the optimal parametersfor ead algorithm
and run-time re nemernts of these parameters.

Testsof the optimized MG methods, both in periodic boundary conditions and
in vacuum, con rm that MG is a viable method, capableof reproducing structural
and thermodynamic properties of sohated biological molecules. This is con rmed
through 200 ps simulations of melittin solvated in 15A shell of water. Di usion
coe cien ts and radial distribution functions are comparableto thoseobtained using

PME.
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CHAPTER 1

INTR ODUCTION

Moleculardynamics(MD) hasbecomea popularway to study biologicalmolecules.
Howe\er, it is not asimpletask to perform accuratesimulations of thesebiomolecules.
One needsto understandthe theoriesfor computation in both the elds of biology
and computer science.Usersneedto understandthe protocol for MD aswell asthe
manipulations of the MD padkages. There are many important and in somecases
non-intuitiv e details that one will have to handle in order to generatemeaningful
resultsin molecular simulations.

This thesispresets an automatic recommendemvritten in Python called MDSi-
mAid, with which usersare only a few keystrokesaway from starting their simula-
tions with an optimal method to evaluate electrostatic forcesand the correspnding
optimal parametersfor their molecularsystems.MDSimAId represets a particular
way of implemenrting automated empirical optimization of software (AEOS). It is
similar in nature to Automatically Tuned Linear Algebra Software (ATLAS) [61].
The di erence betweenMDSimAid and ATLAS isthat ATLAS optimizesa program
speci cally for an architecture platform while MDSimAid optimizesat the software
level whereit determinesthe optimal parametersfor di erent algorithms within an
MD padage, Pr otoMol

MDSimAid alsotakescareof the details sud asgeneratingthe computer models

of the molecularsystemsand loading all the necessaryopology and parameter les.



It helpsusersto begintheir simulations without spending hours of readingthrough
pagesof unfamiliar documertation and manualsin orderto gure out the simulation
protocol and the exact format of con guration les to perform simulations. Users
will not have to understandthe implemenation of the simulation programsin ad-
vanceor comprehendthe e ect of eat of the di erent numerical analyseshat have
beenprovided in the programs. MDSIimAId is createdto provide areal time analysis
on the di erent methods for computing the fast electrostaticforces. It will tune the
parametersfor the chosenmethod to nd the optimal valuesin order to speedup
the simulation and at the sametime to achieve the highestaccuracypossible.

MDSimAid has beenimplemerted after an extensiwe testing of the dierent
methods for the evaluation of electrostatic interactions. These methods include
Ewald [3, 16, 21, 28, 35, 46, 53, 57, 64], Particle Mesh Ewald (PME) [17, 18, 20,
multigrid (MG) [31] and the Direct method. Someof thesemethods require speci ¢
determination of someparametersfor computations, which will in turn cortrol the
computation time and accuracyof the simulations. The technique in choosingthe
parametersin generalis partly dependert on the user'sexperienceas well as some
trial and error in orderto setupthe simulations. Howewer, with MDSimAid and the
testing results, the processof selectingthe bestmethod with the optimal parameters
will be hidden from the usersand will be automatically donefor them.

The analysis of the methods mertioned above provides the rules for selecting
the optimal parametersfor a range of N (number of atoms). It is alsothe one of
the rst extensiwe analysesthat has beendone on MG method, a method which
hasrecerly beenproposedasan applicable method for molecular simulations. For
this thesisMG method is alsobeing applied for the rst time to periodic boundary
conditions, sinceit was originally deweloped for simulations in vacuum. During the

processof testing, feedba& hasbeenprovided to the deweloper of MG in periodic



boundary conditions in order to guide the dewelopmen of the method and possibly

lead to improvemern of the accuracyof the method.



CHAPTER 2

INTRODUCTION TO MOLECULAR SIMULATION

Proteins are one of the most essetial componerts of biological systems. They
cortribute to the structure of an organismand executemost of the tasksrequiredfor
an organismto survive. As a result, a large number of di erent proteins are needed
to perform the wide range of activities. For example, Escherichia coli has about
3000di erent proteins which make up a total of about 1 million protein molecules
inside a single bacterium. In human beings, it is estimated that there are in the
orderof 1P to 1C° di erent proteins servingdi erent functionsin ead of our bodies.

Sciertists have already determined that proteins function through interactions
with one or more other molecules,which may or may not be protein molecules.
Regardlessof which molecular systemis being considered,there are always some
conformational alterations when moleculesbind together or even comecloseto eah
other. The signi cance of the changesin their conformationscan be very impor-
tant in somecases]ike the structural changesin hormone-receptoibinding that are
required to transmit information within a cell or to other parts of the body. But
sometimeghe changesmay play lessof arole. In orderto comprehendthe details of
the functions, the signi cance of the structures and properties of proteins, an under-
standing of the three dimensionalstructures of proteins as well as an investigation
of the dynamics of the conformational uctuations and their relation to reactivity

cannot be neglected.



There are many di erent ways of studying the motions in proteins, sud as
nuclear magneticresonanceNMR) [13 26|, infrared spectroscopy [27], X-ray crys-
tallography [19], and uorescence quending [38]. For those proteins that have
beenexpressedoy cells, sciertists can nd a way to collect them and provide an
opportunity to study them in-vitr o. After puri cation and crystallization, X-ray
crystallography can be usedto determine the structures of the proteins. As for
those proteins that do not crystallize or are not of appropriate size, they can be
structurally characterizedusing NMR methods. Howewer, these methods can only
provide the static views of protein moleculesin some particular momert and the
accuracyof the structuresis dependedgreatly on the quality of the protein sample
collected. Furthermore, the requiremen for non-overlapping signalsto produce a
clear picture in high resolution NMR puts a limit to the protein sizesthat can be
studied to about 35 kDa.

Even though sciertists know that proteins can undergo signi cant uctuations
at room temperature, the traditional methods sud as high resolution X-ray crys-
tallography, can only provide a certain view and information about the average
atomic positions of a protein. The results will not be able to demonstratethe uid
like motions that moleculesoccasionallyexhibit, which can have sizableamplitudes
about the averageposition. It is the dynamic motions of the moleculesinteracting
with their neighboring atoms and their ervironmert that provide insights to the
relationship betweenstructures and functions. Therefore,dewelopmen in molecular
simulations have comeinto play in order to gain insights in viewing structures and
motions of protein moleculesdynamically. Molecular simulation is an approad to
study moleculesthrough statistical medanicswith the useof computers.

In this chapter, we will provide a basicunderstandingon what molecular simu-

lation is, discussthe importance of evaluating fast electrostatic forcesand review a



generalmolecular simulation protocol as an exampleto performing molecular sim-

ulations.

2.1 What is Molecular Simulation?

Molecular simulation is a computational experimert conducted on molecular
models, ranging from the acquisition to the subsequendisplay of the nal molecu-
lar coordinates through numerical evaluation using theoretically derived functions.
This computational method was rst introduced by Alder and Wainwright in the
late 1950sto study the interactions of hard sphereg4, 5] and it was rst applied to
protein simulations in 1977whenMcCammonet al. publishedtheir resultswith the
simulations of the bovine pancreatictrypsin inhibitor (BPTI) [42]. Today, the num-
ber of simulation techniqueshas greatly expandedand there are many specialized
techniquesto solve di erent typesof problems.

In general,molecularsimulation is a way to calculatethe time dependen behav-
ior of molecular systemsand provides detailed information on the uctuations and
conformational changesof proteins and nucleic acids. Atoms in molecular models
are represeted through their Cartestian coordinates in three dimensions. Their
movemernts relative to eat other are determined through solving Newton's equa-
tions of motion or averaging ensenble samples. The frequencyof the evaluation is
governedby a userspeci ed stepsizewhich is dependen on the frequencyof move-
merts of the moleculesand the numerical method used. In this cortext, a molecule
is treated as a medanical model, subject to basic physical forces,in which atoms
(particles) are connectedby bonds(springs). Integration of the equationsof motion
then yields a trajectory that descritesthe positions, velocities and accelerationsof
the particles asthey vary with time.

Molecular simulations are built upon the biological, medanical and numeri-



cal theories and experimerts. The simulations are applicable to a wide range of
moleculesfrom rare gaseso polymersto metals. In order to build molecular mod-
els for dynamic simulations, intermolecular forces, for examplethe Lennard-Jones
interactions and electrostatic forces,and intramolecular forcessud as stretch and
torsion, will have to be considered.Eadc systemfor simulation can be very unique.
The nature of the molecule,the number of atoms, the temperature and velocities of
the atoms, whether the systemis solvated or in vacuum, and the method of choice
in calculating the forcesand energiescan have signi cant impact on the quality of
the simulation and hencethe accuracyof the result. Becauseof the large amourt
of computations involved, molecular simulations can be time consuming. Although
simulations within the microsecondtime scale have beenreported to shov some
local and regionalmotions of moleculesit is still not long enoughto model most of

the large-scalanotions of protein moleculeswhich are in the time scaleof seconds.

2.2 The Importance of Electrostatic Forces

Electrostatic forces refer to non-bonded long-range forces between atoms or
molecules.They have along rangee ect and are critical in understandingmolecular
behavior. This is particularly true becausemost biological molecules,sut as pro-
teins, DNA and menbranes, are charged systemsand are naturally dominated by
long range interactions. Theselong-rangeinteractions play important rolesin the
stability [62] and functionality of biomolecules[24]. They are also one of the dom-
inant factors in determining the conformations of proteins [55]. Without proper
handling of electrostatic forces, structures may begin to fall apart and hencethe
proteins will losetheir functionalities. Therefore, it is important to considerthe full
electrostatic forcesduring simulations in order to achieve stable trajectories. How-

ewer, simulating electrostaticinteractionsis di cult: it is computationally intensive



Energy

distance

Figure 2.1. This plot indicatesthe relationship betweendistanceand energypoten-
tial of two particles.

and leadsto computational bottleneds. It is even moredi cult to handlein peri-

odic boundary conditions and it is unfavorable in scaling as the number of atoms

increases. With the simplest implemertation, the computation time will become

O(N?).

Although one may argue that due to the nature of long-rangeinteractions as
showvn in gures 2.1 and 3.6, asthe distancebetweentwo chargedor polar particles
increasesthe e ect of theseinteractions may seeminsigni cant and hencethe use
of a cuto method (i.e. truncation beyond a threshold) should be acceptableand
inconsequetial. Then logically, with cuto s, alargeamourt of computation canbe
truncated, reducing complexity to O(N). Howeer, it has beenproven that using
cuto s canintroducearti cial behavior to the systemsduring simulations. Results
from simulations with proteins [54], menbranes[7] and ions in aqueoussolutions
[8, 9, 15, 48 50] have shavn that it is important to include full electrostaticsin
simulations.

For example,Alper et al. shaw that a large body of water above a lipid (dimyris-
toylphosphatidylcholine) monolayer exhibits perturbations when the cuto s are on

the order of 10 14A. But whenthe cuto s are on the order of 30A, the water



moleculesremain roughly uniform above the lipid monolayer. The perturbations
are due to someof the long-rangeforcesbeing neglectedin the simulations when
shorter cuto s are employed (cf. Fig. 7 in ref. [7]).

Another exampleshovn by Sdireiber and Steinhauserindicates that an incor-
rect treatment of long-rangeelectrostaticforcesin molecularsimulations of sohated
polypeptides can lead to artifacts and faults. Their results in orientational corre-
lation functions (cf. Fig. 5in ref. [54]) show that using cuto sdemecan create
distortions of the electric eld amongthe water dipolesand which is propagatedto
the peptide dipoleswhich ultimately disturbs the peptide arrangemem and dynam-
icS.

There are still more extensiwe studies that have beendone to shav that with
shortcuto s, largeroot meansquare(rms) deviationsfrom the initial structureswere
obtained and se\ere distortions were obsened (cf. Fig. 1 in ref. [45). Therefore,
in order to perform accurateand stable simulations of chargedbiological molecules,
better and faster algorithms are neededin handling full electrostatics. Fortunately,
remediedo the distortions intro ducedby simplecuto sdemeshave beendeweloped.
Thesemethods include Ewald, particle-meshEwald and multigrid methods, which
have computational complexity of O(N 32), O(N logN) and O(N) respectively. The

details about thesemethods will be preserted in the next chapter.

2.3 A GenericProtocol

Understandingmolecularsimulations and being able to masterthe techniquesis
very di cult. It takestime and experience.Expertstend to say that onewill needto
get the feelfor it in order to carry out the simulations e cien tly and productively.
This certainly presens a challengeto non-experts. Furthermore, it seemsrather

commonthat most documertations for the standard MD padkagesare usually di -



cult to navigate, cortain poor indexing, and are full of domain speci ¢ terminology.
At the sametime, there is usually no usersupport provided and the dewelopers may
be too busy to answer questionsfrom users.

A simple generic protocol (Fig. 2.2) for setting up a molecular simulation of
protein moleculesis presened in this section. It can be usedas a guide for natu-
ral scientists, especially for novicesin the eld of bioinformatics, to prepare their

systemsfor molecular modeling.

2.3.1 SampleProtocol

Topology Initial structure Parameters

Minimization
Y

Heating

Equilibration

A

No o
Rescale velocities

Yes

Dynamics

Analysis

Figure 2.2. A samplemolecular simulation protocol
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1. Initial Structure

(@)

(b)

()

Protein Data Bank le

Proteins are sequence®f amino acids linked together through peptide
bonds. Thesesequenceare storedin a databasecalled The Protein Data
Bank (PDB) at http://www.rcsb.org/pdb /. The PDB is a worldwide
repository for 3-D structures of biologicalmolecules.Each le in the PDB
contains information about the molecule,the authors, the method(s) used
to obtain the structure of the molecule,the resolution, the sequencethe
coordinatesfor eat atom, whether the moleculeis engineeredand soon.
The full description of ead ertry in atypical PDB le can be found in
the Protein Data Bank Contents Guide which is available at the Web
site. After searding through the archive for the target protein, the le

can be viewed online and it is also available for download.

Formatting the PDB le

It is typical for eacn PDB le to cortain seweral models of the same
molecule. The di erences amongthe models are generally indicated in
the description at the beginning of the PDB le of the molecule. After
choosingoneof the models,the PDB le may still require someediting in
order to be understood by somesimulation programs, particularly those
programsthat are written in Fortran. Userswill have to nd out the
specic le format for the simulation programsand edit their PDB les
accordingly This can be very time consumingand proneto errors when

the program documertation is not clear or may not be up-to-date.

Protein Structure File

The Protein Structure File (PSF) is very important. Each PSF holdsthe

11



lists about a speci ¢ system,which cortain every bond, bond angle,tor-
sion angle, and improper torsion angle as well as information neededto
generatethe hydrogenbonds and the non-bondedlist. All this informa-
tion is gatheredfrom the ResidueTopology le, which will be described
later. The PSF is essetial for the calculation of the energy of the sys-
tem. Therefore, ead protein moleculehasits own PSF le which when
combined with the coordinates from the PDB le will generatea three
dimensionalpicture of the protein.
(d) Balancing charges

Most proteins are not usually neutral in their native statesbecausesome
amino acidscarry chargeson their sidechains. Thesechargesare usually
balancedby other ions in the surrounding aqueoussolution. For exam-
ples, Arginine is protonated (+1) at the nitrogen atom of its side chain
(Fig. 2.3) and Glutamic acid is deprotonated(-1) at the oxygen atom of
its sidechain (Fig. 2.4). Basedon the information about eat amino acid
givenin the topology le, ionswith opposite chargescan be placedclose
to the charged amino acidsto neutralize the imbalancedchargeswhich

in turn can stabilize the structure.

(e) Solation
Sincemost of the biologicalmoleculesare bu ered, it is only natural to do
the simulations in solution. Therefore,in order to make the simulations
morerealistic, water moleculesare addedto enclosethe protein molecules
to act asa soler.

2. ResidueTopology File

ResiduetopologyFile (RTF) cortains the information about aminoacidresidues,

12



backbone side chain

Figure 2.3. Arginine has a positive chargeat its side chain due to the protonation
of the nitrogen atom.

backbone stide chain

Figure 2.4. Glutamate is the deprotonated form of glutamine acid in which the
acidic hydrogenis lost to other alkaline molecules.
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nucleotidesand solvert moleculeswhich is necessaryto descrite bond con-
nectivity, angle, dihedral angle and improper dihedral angle cortent, charge
distribution, hydrogen-bond donor and acceptorand internal coordinate infor-
mation. In essenceit is like a dictionary with which a PSF speci c to a PDB
le is created. Thesedata arerequiredin orderto determineenergiesperform
energyminimizations and moleculardynamicsaswell asperform other various
structural manipulations. Without this le, the simulation program will not
know which atom in the PDB le is connectedto which atom. Therefore,the
topology le is neededin order to createthe amino acid moleculesfrom the

information given in the PDB le.

. ParameterFile

Parameter les contain the information necessaryo calculatepotential energy
of a molecular systemwhen conmbined with the information from a PSF le

of a particular structure. Sud information includesthe force constarts for
bonds, angles,dihedral anglesand improper dihedral anglesand their corre-
sponding equilibrium geometries.Details for handling nonbondedinteractions

and hydrogenbondsare alsolisted in parameter les.

. Minimization

The initial structures of moleculescan be distorted due to someerrorsand the
potertial energy can vary rapidly with atomic positions. If an atom simply
movesby 0.1A, it may changethe energyby thousandsof kcal/mol. There-
fore, it is essetial to nd a stable point to begin simulations. Furthermore,
comparing energiesof arbitrary structures is rather meaningless.The process

of minimization allows the moleculesto seart for a conformationthat is with

the lowest possibleenergyvalue achievable from the initial coordinates. The

14



Local minimum

Energy

Global minimum

Figure 2.5. An energylandscape

energylandscage of protein moleculesmay cortain seeral local minima and
maxima (Fig. 2.5) [44]. Simulation programsgenerallyusesomekind of algo-
rithms, sud as steepest descen to seard for a readable minimum from the
starting position. This processis called minimization. Although the energyat
this local minimum may be higher than that of the global minimum, the main
ideaof energyminimization is to freezethe systemsothat it cancorvergeto a
stable static structure in which no atomsfeela net forceacting on them. This
will remove any major strain which might generatelarge forcescausingthe
structure to stretch or y apart during the simulation. Typically thousandsof

minimization iterations are requiredfor large moleculesto read corvergence.
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5. Heating

After minimization, the systemis heatedfrom 0K to about 300K, the temper-
ature at which most biological experimerts are performed. When molecules
are heated, it meansvelocities are assignedto the system. It also meansex-
ternal energy or kinetic energyis addedto the system. The processshould
be slowv to allow ample amourt of time for the atoms to move and adapt to
the changesand allow an ewven distribution of kinetic energythroughout the
system. This will provide morerealistic and reliable calculationsof the energy
and velocities of the moleculesand hence more accurate simulations. The
atoms will then react accordingly and their motions will be governed by the
rules of nature. Atoms will move to somepositionsto attain the lowestenergy
possible,but at the sametime, the movemeris are restricted by bonds, angles

and electrostatic attraction and repulsion.

6. Equilibration with velocity scaling

Equilibration is the processin which the systemis allowed to ewlve and
the temperature is monitored. The moleculeswill move freely to adapt to a
conformation that is most stable at that temperature. The temperature is
adjusted asnecessaryto the desiredtarget value which in turn is governedby
the velocities of the atoms. This allowsthe systemto achieve a thermodynamic
equilibrium where its properties will exhibit uctuations around an average
value rather than a systematic drift. During the molecular simulations, the

temperature T is de ned through the kinetic energyK , where
1 X 1
K = 5 m;v? = éf ke T (2.1)

i=1
and kg is the Boltzmann constart and f is the number of degreesof freedom.

From the equipartition theorem, every degreeof freedomin a system has
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the samekinetic energy Therefore,for an unrestricted systemwith N atoms,

f = 3N becausesat atom hasa velocity componert in ead X, y, z directions.

. Dynamics

This is the stage of interest of most simulations. It is also known as the
production stageor trajectory. The systemis allowed to move accordingto

the Newton's equationsof motion,

d?r

Fi=ma=m- o

(2.2)

whereF; is the forceexertedonatom i, m; isthe massof atomi, 5 = (X;;Vi; z)
is the position and &; is the accelerationof atom i. The force can also be

computedfrom the derivative of the potertial energyV,
Fi=r1 iV (2.3)

whereV is the potertial energyof the system. Combining Eq. 2.2and Eqg. 2.3

gives
v _

—=m : 2.4
dr; ' dt2 (2.4)
The basic information about atomic coordinates and velocities is recorded

which will be usedto analyzethe properties of interest.

. Analysis

Somebasic trajectory analysisincludes calculating the average coordinates,
the root-mean-squarg RMS) uctuations and RMS deviations from a target.
There are a number of free programs available for download sud as Protein
Explorer and RasMol available at

http://www.umass.edu/micro bio/ rasmol/ inde x.ht ml,

Python MoleculeViewer (PMV) available at

17



http://www.scripps.edu/~sa  nner/pyt hor/

and Chimera available at http://www.cgl.ucsf.edu/  chimera/ , which allow
usersto visualize their moleculesand perform other manipulations. The en-
tire trajectory of the simulation can alsobe animated using Visual Molecular

Dynamics (VMD) available at http://www.ks.uiuc.edu/Re  search/vmd/.
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CHAPTER 3

INTRODUCTION TO METHODS FOR FAST ELECTROSTATIC
EVALUATION

In this chapter, the basicsabout the di erent methods (Ewald, PME and MG)
for evaluating fast electrostatic forceswill be briey reviewed. It is intended only
to give non-experts a generalconceptof the algorithms without struggling through
the details of the numerical analysis. This will give them enoughof a picture to do
the biology and leave the numerical analyststo do the computations.

In classicalmoleculardynamics,the interactions betweenatoms are represeted
by empirical force elds, sud asthe CHARMM force eld [1, 2,23 and the AMBER
force eld [36]. Theseinteractions usually causethe atomsto move and the motions

are described through discretizedevaluations of the Newton's equation of motion,

@
mi@

wherem; is the massof atom i, %;(t) is the position of i at time t and F(t) is the

xi(t) = Fi(t); 3.1

forceon atom i at time t.

Interactions betweenatomsare generallydivided into short rangeand long range.
The short-rangedinteractions involve bonded neighbors including bond-stretdhing
(Fig. 3.1), bond-bending (Fig. 3.2) and dihedral terms (Fig. 3.3); the long-ranged
interactions mainly involve non-bonded atoms which are usually referred to as

Lennard-Jonesand electrostatic interactions (Fig. 3.4). Electrostatic interactions
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Figure 3.1. Bond-stretching wherethe bond exhibits spring-like motions.

are causedby fully charged or partially charged atoms. The force generatedby
these non-bonded interactions are usually known as electrostatic forces, Coulonb
forces,non-bondedforcesor long rangeforces. The evaluation of sud forcesis one
of the major componerts in molecular simulation. This is particularly true when
we are simulating biological systemsbecausemost biomoleculescarry partial or full
chargesin their natural states.

The interaction forcesare de ned as the gradiert of a pair-wise potential and

their evaluation is characterizedas the sum of the following energyfunctions,

U = Ubonded + Unon-bonded + Uexternal (3.2)
Ubonded — Ubond + Uangle+ Udihedral + Uimprop er (3.3)
Unon-bonded — Uelectrostatlc + ULennard-Jones: (34)

wherethe atomsin ead moleculeinteract with ead other. The forcesacting upon
eah atom arethen evaluated and updated recursively, hencedominate the computa-
tion with an O(N?) complexity. As a result, optimization is favorable and di erent

techniquesare deweloped to improve the time complexity. Four of the major meth-
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Figure 3.2. Bond-bending wheretwo bonds movesangularly within its constrairts.

Figure 3.3. Dihedral
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Figure 3.4. The Lennard-Jonesinteraction and hydrogenbonding

ods are comparedin this thesis, direct evaluation, Ewald method, particle mesh

Ewald (PME) method and multigrid (MG) method. Each will now be descriked.

3.1 The Direct Method

The direct ewaluation of the electrostatic forceswill have to be the most ac-
curate ewvaluation becausethere is no appraximation involved. It evaluatesall the
possiblepair-wiseinteractions within a systemof atomsand thereforehasan O(N ?)
complexity. As a result, it is impractical to use sud a method when performing
simulations especially when the systemsizeis large (Fig. 3.5).

Another reasonfor not choosing direct method in simulation is becauseof the
decy of the interactions among atoms. The interaction becomeswealer as the
distance between any two atoms increases. As Figure 3.6 shaws, the interactions
deca rapidly with distanceand hencethe amourt of cortribution to the dynamics
decreases.Therefore, someinteractions can be consideredas zero without major
impact to the simulation when the separationis beyond a certain distance. As a
result, the importance in ewaluating the interactions between atoms that are far

apart is lowered.
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Figure 3.5. Time (s) taken for one moleculardynamic stepfor N 1C°

Howewer, simply ignoring those interactions beyond a certain distanceis not an
ansver to the computational bottlenedk. The suddendrop o of interactions at
the cuto region may introduce arti cial minima or large forces. This may lead
to incorrect dynamics during the simulations and inability to consere the energy

within the system.

3.2 The Ewald Method

The famousEwald summation [21] was deweloped in 1921asa method to com-
pute the N-body problem for systemswith periodic boundary condition. With
periodic boundary, the systemincluding the solert is placedin a unit cell and this
cell will be surroundedwith its imagesin all directionsin nitely . This is to elimi-
nate the edge(surface)e ect createdby the existenceof boundaries. Although the
Ewald method has a cost similar to that of cuto sdemes,it can provide a much
better accuracy

The total electrostatic energyof a systemof N particlesin a cubic box of sizeL
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Figure 3.6. Coulonb force:y = x 1!

with periodic boundary condition is represeted by

_ XXX qq

2 st e M

U (3.5)

whereq; is the charge of particle i, # = (n1Ly;n2Ly;nsl;) is the cell basisvector
with L being the box size and the summation. The prime synbol indicates the
exclusionof all i = j interactionsinsidethe original cell of the simulation. This sum
is conditionally corvergen sincethe terms deca as nl which also meansthat the
result dependson the order of summation.

The Ewald method separatesthe electrostatic interactions into two parts: a
short-rangeterm handledin the direct sum and a long-range,smaoth varying term
handledapproximately in the reciprocal sumusing Fourier transforms. This splitting
changesghe potential energyfrom the slonvly and conditionally corverger seriesinto
the sumof two rapidly corvergingseriesin direct and reciprocal spaceand a constar

term, E = Eg4, + E\ect+ Ese. The last term Eger, alsoknown asthe correctionterm,
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is neededin order to cancelthe self energyterm introducedin the computation of
E:ec. The setof equationsdescribingtheseenergiess given by
1X X% qqerfo( jr 1+ Aj)

Ear = > in n+n (3.6)

f i =1

1 X exp( 2m2=2) _
o O D sy 37)

m60

Erec=

Eselt = P= q2 (3.8)

whereV is the volume of the simulation box with sidesof length Ly, Ly and L,
m = (Lx;Ly;L;) is a reciprocal-spacevector , erf ¢ is the complemetary error
function , and S(m) is the structure factor (charge-weighted) de ned as
_IN g exp(2 i(myXy=Lx + myxyy =Ly + m3x5=L,)).
- The transformation treats ead point charge in the systemas if it were sur-
rounded by a Gaussiandistribution, also known as a normal distribution, of an
equal but opposite sign charge, producing an exponentially decaing function. The
charge distribution now introduced screensthe interaction between neighboring
point-chargesand limits them to a short range. As a result, the sum over all
charges,including their images,in direct spacecorvergesrapidly. Howewer, in order
to courteract the Gaussiandistribution introduced, another Gaussiandistribution
of the samesign and magnitude of chargeis addedfor eat point charge. The only
di erence is that the sum is now performedin the reciprocal spaceusing Fourier
transforms (and transformed bad to the direct space).

Howeer, this algorithm can still scalelike O(N?2) unlesssome optimizations

are performed. The parameteris a represetation of the width of the Gaussian

distribution which can be adjusted to allow the direct spaceterm to adieve a
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desiredaccuracytolerance. It can alsobe treated asthe splitting parameterwhich
determinesthe relative rates of convergencebetweenthe direct and reciprocal sums.
In other words, it can be adjustedto optimize computational time. This leadsto a
tradeo betweenreducingcomputational time and gaining accuracy The details in

determining the optimal value for ~ will be discussedn the next chapter.
3.3 The Particle Mesh Ewald Method

The Particle Mesh Ewald method [17] is basedon the standard Ewald sums
which calculate the electrostatic energyor forces. Although the Ewald summation
can already improve computations from O(N ?) to O(N 3%?) by splitting the slowly
cornverging sum, perhapsewven a conditionally corverging sum, into two sumsthat
convergeexponertially fast, it still requiressomeheary computations. This is be-
causesolving one of the sumsin reciprocal spacemeansit will alsorequire se\eral
Fourier transformations to recover the value to direct space.In order to avoid the
computational overhead and to gain better scalability with N, the PME method
can improve the Ewald method by using the fast Fourier transformation (FFT) to
compute the reciprocal sum.

The algorithm for PME is basedon Ewald which splits the energyinto direct
and reciprocal sumsand usesthe cornvertional Gaussiancharge distribution. The
direct sum, Eq. (3.6), is evaluated using cuto valueswhile the reciprocal sum, Eq.
(3.7), is appraximated by usingthe FFT with corvolutions on a grid wherecharges
are interpolated to the grid points to speedup the ewaluation. The computation
using FFT has a complexity of O(N logN) while that of the direct sum can be
implemerted asO(N). PME is thereforean O(N logN) algorithm.

With FFT appraximation, the reciprocal sum, Eq. (3.7), becomes,

1 X exp( 2m2=?)

2V m?2
m60

Erec=

F(Q(mF (Q)( m); (3.9)
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where Q is the three-dimensionalcharge matrix obtained from the interpolation of
the point chargesto a uniform grid of dimensionsLy x Ly X L, and F(Q) is the
FFT of Q.

Both Lagrangeinterpolation [17] and B-spline interpolation [20] have beenim-
plemerted in PME to interpolate the chargesonto a grid. Howeer, it has been
reviewed that the smaoothnessof B-spline interpolation and the ability of using a
higher order of interpolation allows the ewaluation of the equationswith higher ac-
curacy [58]. Howewer, one generally losessome orders of magnitude in accuracy
when using PME when comparedto Ewald becauseof the discretization of charges

in the algorithm.

3.4 The Multigrid Method

The Multigrid (MG) method was rst invented by the RussiansFedorenlo [22]
and Bakhvalov [1(] in the 1960sto solve partial di erential equations(PDES) with
the ideaof solvingthe PDEs numerically by discretizationand iterations. Ever since
the method receiwed attention in the 1980s,it has beenapplied in many di erent
elds becausethe amourt of computational work to solwe algebraic systemsgrows
in proportion to N with the MG method [31].

Now that the MG method hasgainedits popularity in solvingthe N -body prob-
lem, it has becomea powerful alternative to the Ewald summation for evaluating
pairwiseinteractions, in particular for the long rangeinteractionsin large molecular
systems. The idea is to create a hierarchical protocol for computation. With this
method, a N -particle systemonly hasa time complexity of O(N) while the Ewald
method is of O(N3%2) and the PME method is of O(N logN).

The basic idea with the MG method is the hierarchical separation of spatial

scaleswhere the pairwise interactions are split into a short range part and a slov
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varying (smooth) part [32). Interactions within the short range part are evaluated
directly while the interactionsin the smooth part are approximated onto a grid. As
aresult, the computation for the smooth part is now reducedto interactions between
pairs of grid points. Theseinteractionsarethen further appraximated onto a coarser
grid and this processis repeated basedon the number of levels desired(Fig. 3.7)
[41]. The relationship betweena ne grid and the next coarsergrid is governed by

implemertation. The typical value for this ratio is 2 wheren pe = Ncoarser  ratio.

S S —
S S S S S
oartidesoo ° o o ° |

Figure 3.7. MG: 2-lewel, ratio= 2,n; = 8, n, = 4.

With the recursive separationof the spatial scalesand the coarseningof the slow
varying part, a hierarchical structure is createdin evaluating the potential, and the
forceson the particles are obtained as gradierts of the potertials (Figure 3.8) [40].

The electrostatic energydue to the charged particles is given by

U_(_alectrostatic = }X\I X g9 (3 10)
i . - :

i1 jo 4 olfi 1)
wheret; is the position of particle i, g and g arethe chargesor partial chargesfrom
particle i and j respectively and g is the dielectric constart. The force of particle

i canthen be expresseds

F-i =r iUelectrostatic. (3'11)
and the details of the algorithm can be found in [40, 56).
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Figure 3.8. The hierarchical structure of the multi-grid algorithm with | levels. (1)
Aggregateto coarsergrids; (2) Compute potertial from chargeson the coarsestgrid; (3)
Interpolate potential valuesfrom coarserto ne grids; (4) Local corrections.

The determination of whereto split the short rangeand the smooth parts aswell
aschoosingthe gridsizefor the approximation of the smaooth part isan art. Di erent
typesof systemsmay require di erent choicesof the splitting distanceand di erent
grid spacing. The skills in choosingthe optimal values,just asthe other methods

mertioned before,is usually acquiredthrough experienceand trial and error. This

will be discussedn more detail in the next chapter.
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CHAPTER 4

SELECTION OF OPTIMAL PARAMETERS

In this chapter, we will discussthe rationale for choosing the parametersfor
Ewald, PME and MG methods. The ways of determining the numeric valuesfor the
parametersfor eat of the above methods have beenincorporated into MDSimAid

and will be discussedn the next chapter.

4.1 The Ewald Method

The evaluation of the electrostaticforcesusing Ewald involvesa reasonablenum-
ber of parameters. From the description of the method in Chapter 3, the main
parametersthat cortrol the accuracyand CPU time in simulations are , the rate
of corvergenceparameterand r, the direct spacecuto distance. This algorithm
canstill scalelike O(N?) unless is optimized. At the sametime, at a given cuto

distance,there is an optimal sud that the accuracyis as high as possible.

4.1.1 Choosing andr,

Researbers have noted that when is small, the direct sum corvergesfaster,
while when s large the reciprocal sum corvergesfaster [18, 58]. This is simply
dueto the fact that in the direct sum isin the numerator of the function while in
the reciprocal sum occursin the denominator.

A study done by Dr. David Fincham at Keele University has shavn that
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shouldvary with N sud that,
=c — (4.1)

whereV is the volume and the constart ¢ determinesthe ratio of executiontime of
the real and reciprocal term, which may vary from oneplatform to another. Another
analysisdone by Petersen[49] alsoformulated the relationshipto be / N and
this result is con rmed with the studiesdoneby Wang and Holm [59]. In Toukmaji

and Board's paper [58], they suggestthat for large systems,a larger canlimit the
number of pair-wise interaction evaluations in direct spacesothat it will corverge
fasterand save CPU time. This is becausdraditionally the direct sum computation
is the time-consumingpart of this algorithm.

The relationship betweenr. and hasalsobeendiscussedn order to determine
the valuefor . There have beendi erent suggestionsn how to choosethe optimal
r.. Petersen[49] nds that for a givenaccuracy r. is alsoproportional to N ¢ while
Fincham shaows that

P In
re = : (4.2)

where is the accuracy The analysisdone by Wang and Holm [59] also coincides
with Fincham's studies shawving that r. is proportional to N . The implemen-
tation of Ewald in Pr otoMol in determining and r. is basedon Eq.(4.1) and
Eq.(4.2).

With this relationship, a large will createa small cuto distancewhile a large
rc is preferredto yield more accurateresults. A larger r. will meanlesstruncation
and more actual computation. In the end, the determination of the valuesfor r.
and will depend on the implemertation of the algorithm. This justi es having a

run time evaluation of the analytic parametersto re ne and optimize their values.
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4.2 The Particle Mesh Ewald Method

Sincethe PME method is ewlved from the Ewald method, it hasinherited the
intrinsic properties from Ewald. By optimizing , the direct sum can be evaluated
with O(N) and togetherwith the overheadfrom evaluating the reciprocal sumusing
fast Fourier transform, the overall complexity becomesO(N logN). Howewer, there
are the additional parametersof the grid size and the interpolation scheme that

needto be considered.

4.2.1 Determination of andr.

Thesetwo parametershave essetially the samequality of e ect on PME ason
Ewald. Petersenalsoshowsin his paper [49] that the dependenceof optimal  (the
splitting parameter) is approximately N =3 and the direct spacecuto distancer.
is proportional to (log, N)¥2. Therefore, turns out to be quite sensitive to N
while r is hardly dependert on N. The relationship between andr. implemerted
in Pr otoMol is

erfc( re) .
B (4.3)

where is the accuracy

4.2.2 Determination of Grid Size

The ewaluation of the reciprocal sumis basedon interpolating the point charges
onto a grid. Therefore,the grid sizehassomee ect on the CPU time and accuracy
of this algorithm. In most studies,a coarsegrid hasbeende ned to be around 2.0A
separation between grid points, a ne grid to be around 0.5A and medium to be
about 1.0A [63,65]. With a ner grid, the evaluation will be more accuratebut at a
costof longer CPU time. This trend is con rmed by the analysisdoneby Darden et

al. [17], a grid sizeof 0.5A incurs about 20% more overheadthan a grid sizeof 1.0A
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but the ner grid only hasa relative error of 10 ® in energyand force evaluations
which is two orders lower than that of the coarsegrid. Therefore, if accuracyis
important, then a ne grid should be used. But if faster evaluation is needed,then

a coarsergrid should be used.

4.2.3 Determination of Interpolation Schheme

There are di erent interpolation functions usedin PME sud asLagrangeinter-
polation [17] and B-spline interpolation [20]. Toukmaji and Board suggestin their
paper [58] that the B-spline interpolation function is smaother and onecanincrease
the accuracy of the interpolation simply by increasingthe order of interpolation.
Hence, the B-spline interpolation function is a better choice than the Lagrange
interpolation function. Typically, cubic or quintic interpolation is mostly usedin
molecular simulations. Howeer, the higher the interpolation order, the higher is

the overheadcost. There is againa trade o betweenCPU time and accuracy

4.3 The Multigrid Method

With the MG method, computations are separatedinto two parts, the short
range and the slow varying parts basedon the softening (splitting) distance. As
the distance increasesmore interactions are included in the short range part. As
a result, the computational work increasesdue to more calculations being done
directly and fewer being approximated. But at the sametime, the accuracy of
ewvaluating the system as a whole increases. Therefore, it is a trade o between
computational time and accuracy The optimal choicesfor the parametersseemto
be the valuesthat will balancethe costin calculating the short range interactions
betweenany two particles and the costin calculating the interactions betweengrid

points on the nest grid.
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4.3.1 ChoosingGrid Sizeand Cuto Distance

Analysis donein [56] shaved that ratio of the costsin ewaluating the two parts
would determinethe choice of the grid spacingfor the nest grid with the following
relationship,

h= (6—74 )sh (4.4)
whereh is the distancebetweentwo nearestneighborsand is the ratio of the cost
in calculating an interaction betweentwo grid points in the smaoth part to that
betweentwo particlesin the short range part.

Skeelet al. [56] alsocameup with an equationto determinethe cuto value, a.
From their analysis, the relative force error in the smaoth part is proportional to
(h=a)P wherep is the interpolation order and the ratio of the forcein the smaooth
part to the total force is proportional to a ?=h 2. As a result, the total relative
error becomesapproximately

ChPh%a P 2 (4.5)

where C is someconstart.

Howe\er, the gridsize determined by our empirical studies disagreesfrom the
suggestedgridsize obtained through the above equation. When the gridsize com-
puted from Eq. (4.4) is used, the relative error in potertial energyis about 10 3.
But the authors concludedthat they could achieve 10 4 accuracy For example,for
a systemwith about 40000atoms, the suggestednest grid is 36A x 36A x 36A, but
the results from our empirical studies show that the optimal nest gridsize should
be 24A x 24A x 24A. The relative error obtained with the suggestedoarametersis
about 9:52E 04, while the relative error using our optimal parametersis roughly
9:29E 05. The discrepancyin determining the optimal gridsize may be due to

di erencesin implemertation of the code and computer architectures.
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CHAPTER 5

MDSimAiId

This tool provides a userfriendly interfaceto moleculardynamics. It alsoauto-
matically choosesthe best method for ewvaluating electrostatic forcesand suggests
the correspnding optimal combination of parametersin order to adchieve the accu-

racy desiredin the shortesttime possible.

5.1 Purposesof MDSimAid

As we have seen,altering parametersin electrostatic algorithms can changethe
outcomeof the computation dramatically. The generaltrends of how CPU time and
accuracyare a ected by varying someof the parametersin Ewald, particle-mesh
Ewald and Multigrid methods were reviewed in the last chapter. Howewer, most of
the analysishasfailed to suggesta way to determinethe speci ¢ valuesto be usedfor
any particular simulation system. Often, only somegeneralequationsare supplied
with unknown constart valuesto show the relationships of the parameters. The
dewelopmen of those equationsand the identi cation of the constarts are usually
implemertation dependen. Hence,without the actual code on which the analysis
was performed, it is di cult to repeat the analysisor make useof the information.
Understanding the trends of parameter variance that can a ect a simulation is
important, but the most important and practical issuefor usersdoing molecular

simulation is the optimal numeric valuesthey should usefor their simulations.
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Figure 5.1. A snapshotof MDSimAid

Although the time complexity of eatcy method is known, it is not enoughto iden-
tify which method is optimal becausedi erences in implemertations and di erent
computer architectures can greatly vary the unknown valuesof the constarts in the
equations. Moreover, eatcy method has multiple adjustable parametersthat a ect
the performanceof the method. It is even more dicult to nd the optimal com-
bination of all the parametersfor a given method. Determining the valuesthrough
simple trial and error method can be formidable and ine cien t. Therefore, MDSi-
mAid is designedo comparethe methods for evaluating electrostaticforcesand nd
the optimal parametersby tuning the values. This will provide a real time analysis
and a good estimate of the time required by the simulations basedon the actual
molecular systemand the computer architecture on which the molecular dynamics

is performed.
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5.2 The Designof MDSimAid

Our approad in designingMDSimAId is a conbination of ideasfrom automated
empirical optimization of software (AEOS) and the nature of recommendeisystems.
An exampleof AEOS is the Automatically TunedLinear Algebra Software (ATLAS)
[61]. ATLAS makesuseof the fact that any given operation can typically be per-
formed in many ways. It automatically optimizes linear algebraroutines available
on a given computer architecture. It usesempirical timings in order to choosethe
best method for the architecture and thus it can adapt to a new computer archi-
tecture in a matter of hours, rather than requiring months or even yearsof experts'
time, aswould normally be required by following traditional methods. An example
of recommendersystemsis PYTHIA [60], which is a knowledgebasedsystemthat
selectsan optimal software and hardware combination to numerically solve a par-
tial dierential equation (PDE) problem under the accuracyand time constrains
imposedby the user.

With the characteristicsof AEOS and recommendersystems,MDSimAid starts
with gathering information from its usersand it comparesthe information to its
knowledgeand rulesin order to recommendan initial parameterset. It then auto-
matically adjusts parametersto tune the algorithms at run time sothat the molec-
ular simulations will run more e cien tly.

Furthermore, MDSIimAId is intended to be a user friendly interface to enable
setting up molecular simulations as simple as possible. Userswill only needto do
a few clicks and input minimal information to begin the processof preparing the
les for simulation and searting for the optimal method and parameters. This is
especially helpful for beginnersin molecular dynamics and eliminates the needfor
usersto createor edit con guration les conformingto the appropriate format for

molecular simulations. A snhapshotof the graphical userinterface of MDSimAId is
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shown in Figure 5.1.

5.3 Choosingthe Language

MDSimAid is written in Python. The reasonwhy Python was chosenis that
Python is not only a scripting language,it is also an object-oriented language. It
has advanceddata structures that are not supported by other scripting languages
and it supports multiple programming paradigmssud as procedural and modular
paradigms. This gives programsthe exibilit y to be extendedand allows modules
to be addedto or removed from a program without the needto recompileor relink
the ertire program. At the sametime, Python is platform independert and the
syrntax is pseudo-cde like with high readability and is easyto understand even for
beginnersin programming. There have alsobeena lot of di erent programswritten
in Python that are related to molecular dynamics and are of similar nature to
MDSimAid. For example,the Python MoleculeViewer (PMV) [51]deweloped at the
ScrippsResearb Institute is an attempt to integrate computation and visualization
for molecular simulations [52]. Although MDSimAid doesnot handle visualization,
both programsare similar in the sensehat they act asthe userinterfaceand handle
the users'’commandsand other I/O while passingthe information to other external
programs for other functions. MDSimAIid handles parametersoptimization while
it calls CHARMM [14] to preparethe moleculesand Pr otoMol [41]to carry out
the simulation; PMV handlesmoleculerepresetation while it usesAmber [12] and
AutoDock [43]to perform moleculardynamicsand docking calculationsrespectively

but it doesnot carry out parameterand algorithm optimization.
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Figure 5.2. The framework of MDSimAid and the relationship to the MD padages.
5.4 Choosingthe MD Padages

MDSimAid is designedto be a userinterfaceto call other molecular simulation
programsto preparethe molecularsystemsand generateall the necessaryles for the
simulations. Pr otoMol ischosenbecauset hasthe implemenations of mostofthe
major algorithmsin both periodic boundary conditionsand in vacuum. Pr otoMol
alsohasextendedthe multigrid method to periodic boundary conditionsfor the rst
time.

Pr otoMol is a framework that is being usedto dewelop new algorithms in
molecular dynamics and tests are constartly being doneto compareold and new
methods and algorithms. Therefore, future methods can easily be consideredand
comparedin MDSimAid. Pr otoMol also has the timing and comparisonfunc-
tions that are neededto measurethe CPU time requiremen of ead simulation
and to ewaluate the accuracyof the algorithms. The drawbads are that Pr oto-

Mol cannot sohate moleculesor generatethe correspnding PSF for any PDB le.
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Therefore,a di erent simulation software is neededto supplemen Pr otoMol in
order to achieve the goal of minimizing the input from usersof MDSimAid.
CHARMM was selectedto perform those lacking functions in Pr otoMol  be-
causeCHARMM is a widely usedprogramin the eld of moleculardynamics. Al-
though CHARMM is not an easyprogramto useand its extensive amourt of doc-
umertation is dicult to understand or seart through, usersof MDSimAid will
not be troubled becauseMDSimAid acts as the interfaceto abstract the problem.
MDSimAid usesCHARMM to sohate the protein moleculesand construct the PSF
accordinglyto minimize and to equilibrate the molecularsystems. Therefore,users
only needto provide their PDB le and MDSimAid will createall the other necessary
les required to perform the simulation with the best algorithms and the optimal
conbination of parametersthrough the use of CHARMM and Pr otoMol . The

relationshipamongMDSimAid, Pr otoMol and CHARMM is shown in Figure 5.2.

5.5 The MDSimAid Protocol

The basicstructure of MDSimAId follows the genericsimulation protocol stated
in chapter 2. It mainly usesPr otoMol to accomplishits tasksin choosingthe
optimal methods and parameterswhile supplemeted with some functions from
CHARMM that are not incorporated in Pr otoMol to preparethe molecular sys-
tems (Figure 5.3).

MDSimAid formats the PDB les obtained from the Protein Data Bank by the
usersin order to make the le compatible with CHARMM. The details of the for-
matting arein Appendix E. After readingthe ResidueTopology File, parameter le,
the protein sequenceand coordinates of the atoms and other parameters, MDSi-
mAid will build the protein by adding the missingatoms accordingto the topology

le and generatethe correspnding Protein Structure File using CHARMM. The
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protein structure hasto be createdonesegmen at a time and then all the segmets
are conbined to generatethe ertire structure.

With the initial coordinates from the PDB le and protein structure from the
PSF,MDSimAid will cortinueto useCHARMM to follow the genericprotocol stated
previouslyto minimize the energyof the protein molecule,to heat the systemto the
desiredtemperature and to equilibrate the systemin order to relieve any distorting
force. The adjustmert of the temperature will be done by scalingthe velocities of
the atoms accordingly

Once the system s equilibrated, MDSimAid will usethe boundary condition
and the accuracydesiredby the usersto choosethe method requiring the shortest
time for evaluating electrostatic forcesand yet achieving the target accuracyusing
Pr otoMol

After comparingthe CPU time required per MD step and the resulting accuracy
of the chosenmethods and parameters,the optimal con guration will be generated

and suggestedo its users.

5.6 The Empirical Studies

Although there have beenstudiesfor nding the optimal parametersfor these
electrostatic algorithms, as discussedin chapter 4, the analysis and results only
shov how varying the parametersrelatesto CPU time and accuracy Furthermore,
most of the results do not indicate what the numeric values should be basedon
systemsize. Even though someequationshave beenformulated in computing the
parameter values, the equationsare implemenrtation dependen and the constaris
and coe cien ts are still unknown.

A seriesof TIP3P water models[33] with the number of atoms, N, ranging from

10° to 1P are usedto test performanceof the algorithms and henceto build the
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Figure 5.3. The designof MDSimAid
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rulesin guiding MDSimAId to choosethe optimal parametersfor running molecular
simulations using Pr otoMol . (Water systemsare chosenbecausea large amourt
of researt hasalreadybeendoneon simulations of water molecules.This allow usto
compareour resultsto the published statistics.) Basedon the boundary condition,
di erent con guration les for Pr otoMol comparingdi erent evaluation methods
of electrostatic forcesare generated. For no boundary condition (i.e. in vacuum),
the relative error of MG is computedbasedon the evaluation of the Direct method.
For periodic boundary condition, Ewald is setto computewith the highestaccuracy
allowable with the implemertation in Pr otoMol and the result is comparedto
PME and MG to nd their correspnding relative error in evaluating the potertial

energy

5.7 Determination of Optimal Parameters

In periodic boundary condition, Ewald is usedasthe referencein measuringthe
relative error of PME and MG. For Ewald, the optimization of and the cuto
distance have already beenincorporated into Pr otoMol basedon Eq. (4.1) and
Eq. (4.2). Sinceit is relatively easyto implemert and is usedas the standard for
comparisonin periodic boundary conditions, it is logical hereto useEwald againas

the standard for measuringthe relative error of the PME and MG methods.

5.7.1 The PME Method

From the results of varying the interpolation order, cuto distance and grid
sizewhen using PME, the generalrelationships between these parametersand N
for Pr otoMol have beenreviewed. Basedon published results [58], the B-spline
interpolation function is usedand interpolation order 4, 6 and 8 are tested for all
cases.The timing results showv that asthe interpolation order increasesthe CPU

time per MD step also increases.Howewer, cortrary to the results from Essmann
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et al. in [20], our relative error measuremets show that higher interpolation order
doesnot seemto have a signi cant e ect on the relative error. Therefore,it will not
be wiseto choosea high interpolation order when the cost of CPU time cannot be
compensated.

As for the cuto distance,it is adjusted sothat the correspnding calculated
internally by Pr otoMol basedon the desired accuracy and the system size N
is similar to the value in Ewald in order to achieve the target accuracy The
relationship betweenthe cuto distanceand N is shovn in Figure 5.4(a).

Together with the above variations, three di erent grid sizeswith spacing of
0.5A, 1.0A and 2.0A are also used for testing. It is found that 1.0A and 2.0A
spacingonly have minute di erencesin timing and relative error, but 0.5A spacing
requiresa longertime yet returns the similar relative error whencomparedto results
using the other two grid sizes. Furthermore, the cost in CPU time in achieving
higher accuracyis not assigni cant asin other methods. Figure 5.4(b) shaws that
reducingthe relative error from 10 # to 10 ® doesnot require a substartial increase
in time. Therefore,PME seemdo be an attractiv e choice of method for simulations

in periodic boundary conditions.

5.7.2 The Multigrid Method

For MG, di erent combinations of cuto distance,grid sizeand number of levels
of grids are usedfor testing. A set of cuto distances,6, 8, 10 and 12, and four
di erent levelsof grids are chosen. Sincethe MG method is designedto useapprox-
imation to save time, it is not logical to useMG for ewvaluation when high accuracy
is desired. Therefore,in order to take the full advantage of using MG, the goalis to
nd the optimal setof parametersthat will still achieve a relative error of 10 4.

It is expectedthat increasingcuto distanceor grid sizewill increasethe CPU
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time required, asis con rmed with our simulation results. For example,in Fig-
ure 5.5(a) with 80000atoms, as the cuto distanceincreasesfrom 8A to 10 A to
12A and asthe nest grid sizeincreasesrom 24 x 24 x 24 A® to 48 x 48 x 48 A3,
the time per MD step increasesregardlessof the number of levels used. But this
is not the casewhen the relative error is measured. The relative error does not
necessarilydecreasdor all N asthe cuto distanceincreases.An exampleis shavn
in Figure 5.5(b). When the nest grid sizeis setto 24A, the cuto distanceat 8A
shows the best accuracy followed by 12A and then 10A at two levels. But at three
levels, the order of accuracybecomesas what one would expect with 12A shawing
the best and 8A being the leastamongthem. Moreover, when the nest grid size
is increasedto 48, the relative error increases. Therefore, it is only bene cial to
increasethe cuto distanceor grid sizeif the gain in accuracyis actually better
than the costof CPU time.

Becauseof the complexity of the inter-relationships among the parametersin
MG, there is not a clear picture on how the number of levels usedin ewvaluation will
a ect accuracyand time. It can behare di erently depending on the choice of the
cuto distanceand grid sizeusedfor the simulation asdiscussedabove. Therefore,
it is advantageousto have atool like MDSimAId that cantune the parametersbased

on real time analysis.

5.8 Method PerformanceEvaluation Results

Sincethere are multiple methods available for computing electrostatic forces, it
is critical to identify the best method to adhieve a desiredaccuracyand yet nish
the simulation in a timely manner. As mertioned before, it is not a simple task
to determine the optimal parameter set. The performanceevaluation is done by

using the comparisonfunctionality in Pr otoMol  which can measurethe relative
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averageforce (rFavg), the relative maximum force (rfFmax), the relative potertial
energy(rPE) andthe time spert in dedicatedmethods. The correspnding equations

are listed in the following table.

Name De nition Commert
r
P jir mi2
rFaV I_rL
g jiFiii2
i m;
;
max; iFi Fiii?
—
rFmax N—pﬁ N: number of atoms
o diFiii
rPE Er Ep E,: Potential Ener
Ep p- ay

wherem; is the massof atom i; F is the force of the referencealgorithm reference
and F is the force of the algorithm being tested.

The MG method, beingan O(N) algorithm, de nitely shows better timing than
direct method for all N in vacuum (Figure 5.6). As for simulations with periodic
boundary conditions, both MG and PME can perform better than Ewald for all
casedested. This result cortradicts the analysisdoneby Petersen[49]in which he
shaws that there exists a critical number N sud that Ewald will be faster than
PME for atom numbersN < N . The disagreemeh may be accoured for by the
di erencesin implemertation and di erent methods of CPU time measuremets.

After searding for the optimal combination of parametersfor PME and MG
in periodic boundary conditions, the results in CPU time and relative error mea-
suremens produce Figure 5.7 which shows that MG performs better to PME for

all N < 10 ® with moderate accuracy (10 * relative error at best), but it is only
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Figure 5.6. Comparing MG in vacuum with relative error around 10 * to direct
method for N < 10°

superior than PME for systemsof roughly 6000 or more atoms and when higher

accuracy(10 ° relative error at best) is required (Figure 5.8).

5.9 Validations with a Realistic Example

In order to validate the usefulnessof MDSimAid, simulations with a realistic
system using the suggestedvalues from MDSimAid were performed. The exam-
ple chosenis a protein obtained from the Protein Data Bank called melittin [25].
Melittin is a polypeptide with two chains, ead chain cortaining 26 amino acids
(Figure 5.9a). The total number of atomsis 856. This protein is a toxin from honey
bee. MDSIimAId is usedto solhate the protein within a water box conforming to
the shape of the protein (Figure 5.9b). The nal systemsizebecomesl1845atoms.
The computation of the radial distribution functions and the self-di usion coe -

ciert [6, 39 from the simulations of this real exampleshow that the choicesof the
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Figure 5.8. The domainsfor PME and MG in periodic boundary conditions
parametersfor the methods producerealistic results.

5.9.1 Experimertal Details

Simulations with the melittin proteinssurroundedby exible water moleculesus-
ing particle meshEwald (PME) and multigrid (MG) in periodic boundary conditions
and MG in vacuum with sphericalboundary conditions were performed. The sim-
ulation systemfor PME and MG in periodic boundary conditions was equilibrated
usingNAMD 2.3. NAMD wasdeweloped by the Theoretical BiophysicsGroup in the
Bedman Institute for AdvancedScienceand Tedinology at the University of lllinois
at Urbana-Champaign[34)]. It is choseninstead of CHARMM for thesesimulations
becauset is fasterthan andit is le-compatible with CHARMM. NAMD alsoallows
parallel processingand it scalesto tens of processorson commality clustersusing
switched fast ethernet.

Therefore,the systemis equilibrated using NAMD with periodic boundary con-
ditions for 230 ps of simulation time, of which 30 ps was for the processof energy
minimization and then followed 200ps of temperature re-scalingto 300K. The same
systemwas also prepared for MG in vacuum using spherical boundary conditions

with 70 A radius in NAMD for the sameamourt of simulation time. Then trajec-
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Figure 5.9. (a) Shawing the structure of melittin and (b) sohated melittin system.
Eadch dot in (b) represets one water molecule.
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tories of the systemsare producedwith time step of 1 fs using Pr otoMol for a
total of 200 ps accordingto the con guration les generatedwith MDSimAId.

The parameterschosenby MDSimAid for PME and MG in periodic boundary
conditions and MG in vacuum with a desiredaccuracyof 1e-4are asfollow:

PME:

gridsize 7554 42 (This represets an 1A grid point separation.)
cuto 10

accuracyle-4
MG with periodic boundary conditions:

s 8.0 (This represen the cuto distance)
levels 2

toplevelgrid 8 8 8 (This represemh a nest grid of 16A x 16A x 16A )
MG in vacuum:

s10.0
levels 2

h 555 (This represeh a nest grid of 19A x 19A x 19A )

The simulations shoved that with these parameter setsfor PME and MG, the
accuracy of the algorithms could reat the target accuracy when compared the
Ewald or direct method. The CPU time for the simulation using PME is estimated
to be about 3% of the CPU time if Ewald method were usedwhile that for MG in
periodic boundary conditions is only about 1%. When MG is comparedto direct
method in vacuum, the CPU time is about 12% of the CPU time using direct

method. The nal structure of the simulation after 200 ps is shawvn in Figure 5.11.
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Figure 5.10. Showing the structures of solvated melittin system after 200 ps of
production runs using (a) PME in periodic boundary conditions and (b) MG with
sphericalboundary conditions in vacuum. Each dot represets one water molecule.
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Table 5.1. Self-di usion coe cien ts for MG and PME

Simulation condition Methods | Di usion Coe cient
Periodic boundary conditions| PME 3.82+/- 0.03
MG 3.62+/- 0.09

5.9.2 Self-Di usion Coe cient

The self-di usion coe cien ts computed from di erent simulations are summa-
rizedin Table5.1. The di usion coe cient is computedusing Einstein's relation for
non-overlapping 4 ps blocks of 200 ps trajectories, averagingover all time origins of

oxygen atomsonly. The error bar is given by twice the standard deviation.

5.9.3 Radial Distributional Functions

The structural integrity of a systematfter simulation can be represeted by the
radial distribution function (RDF). This function describes uctuations in density
around a given atom. It can be thought of asthe averagenumber of atoms found
at a given distancein all directions.

For the simulations performedhere,the uctuations are measuredbetweenoxy-
genand hydrogen atoms. The peaksin the RDF indicate where the atoms spend
the most time. Figure 5.11 shaws that MG in periodic boundary conditions be-
havessimilarly to PME, a proven algorithm in evaluating electrostatic interactions
in periodic boundary conditions. MG in vacuum exhibits a similar trend in the
uctuations, but the distributions are higher whenthe distanceis 2A or more. One
explanation may bethat alongerperiod of equilibration may be neededwhen using
MG in vacuum. Another cortribution to the di erences might be that the bound-
ary enclosingthe systemduring the simulation with MG in vacuumwas larger than
required and water moleculeswere ableto move away from the certer of the system

and henceincreasedthe distanceof separationamongthe molecules.
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Figure 5.11. The radial distribution function computedfrom the simulations using
(@) PME or MG in periodic boundary conditions and (b) MG in vacuum with
sphericalboundary conditions.
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CHAPTER 6

SUMMARY

This thesis provides a guideline and a tool, MDSimAid, for the researt in
molecular simulations by doing molecular simulations and evaluating the di erent
algorithms for full electrostatic interactions. MDSimAid is an automatic recom-
menderwritten in Python that usesmoleculardynamic padkages,Pr otoMol and
CHARMM, to preparemolecularmodelsfor simulations with the optimal algorithm
and parametersfor full electrostatic evaluation. The extensiwe testing donein com-
paring the di erent full electrostatic evaluation algorithms has also cortributed to
the dewelopmen of the methods.

MDSimAId is createdto minimize the amourt of e ort userswill needto prepare
the computer models for their systemsand simplify the processof starting their
simulations. Usersno longer have to worry about con guring their PDB le or
generatingthe correspnding PSF le for their systems. The correct con guration
les for the MD padkagesare also automatically set up for users.

If userspreferto sohate their systemwith water, MDSimAid provides an easy
way to generatea bounding box of water moleculesconformingto the structure of
the systembasedon the users'desireddensity. This function is especially useful
becausesohation is animportant stepin simulating biologicalmolecules.Regardless
of whether solvation is indicated by the usersor not, MDSimAid will then begin

the processesf energy minimization and heating the systemto a user speci ed
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temperature. Howewer, userscan indicate their preferencesn utilizing someof the
functions in MDSIimAId but not all. Userscan stop at any time without major
consequencesFor example, userscan use MDSIimAId to prepare their molecular
systemsfor other purposes,sud as creating the PSF for their systemsor solating
their systemswith water molecules.UserscanalsouseMDSimAid to solelyminimize
the energyof their systems,to heat their systemsto a target temperature or simply
to generatethe con guration les for other usage.

When a systemis ready for simulation, MDSimAid usesPr otoMol to nd the
optimal algorithm for evaluating full electrostaticinteractions aswell asdetermining
the optimal parameter valuesfor the algorithm. It has beena daunting task for
usersto understand the e ect of varying all the di erent parametersand all the
possible combinations of the parameterswithin a method. Altering one or more
parameterscanleadto signi cantly di erent CPU time requiremens and accuracyof
the computation. In orderto savethe users'time ande ort in nding the parameter
combinations for their systems MDSimAid is designedo helpthemto nd the best
method with the optimal combination of parametersto achieve the desiredaccuracy
in the shortestsimulation time possible.

The basicrulesin choosingthe initial valuesfor the algorithms are setup based
on the extensiwe testing that has beendone with di erent sizesof water systems
ranging from 1000to 100,000atoms. Thesevaluesare usedfor measuringthe CPU
time and accuracyof the algorithms. If the simulation accuracycannot meet the
desiredaccuracyindicated by the users,the parametersfor the optimal algorithm
will be adjusted in an attempt to read the target accuracy The goalis to usean
appraximate method to shorten the total simulation time without sacri cing the
accuracy

The tests concerningthe di erent algorithms for full electrostatic interaction
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are for the rst time being done extensiely. This is also for the rst time that
multigrid method has been applied to periodic boundary conditions, the method
itself having beenoriginally deweloped for simulations in vacuum. The testing and
the resultshave beena great cortribution to the deweloper in converting the method
to periodic boundary conditions. The results from the testing and the analysisalso
provide insights on other possibleways of optimizing the algorithms in molecular
simulations.

The tests also shov that an O(N) multigrid summation in periodic boundary
conditionsis fasterthan the O(N logN) Particle MeshEwald for systemswith about
6000 atoms or more. Rules generatedfrom the test results help the predictions
of the optimal parametersfor eat algorithms and run-time re nements of these
parameters. A realistic example (melittin sohated in a shell of water) is usedto
conrm that MG is a viable method in both periodic boundary conditions and in
vacuum. The structural and thermodynamic properties of the simulations using MG
in periodic boundary conditions, measuredby di usion coe cien ts and the radial
distribution functions, are comparableto those obtained from using PME in the

simulations with the samesohated system.
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CHAPTER 7

FUTURE WORK

MDSimAid is a very helpful automatic recommenderthat provides a friendly
userinterface to molecular simulations. But there are improvemerts that can still
be madeto turn MDSimAid into a more generaland powerful tool for molecular
simulations. Currently, MDSimAId is designedto work with CHARMM and Pr o-
toMol to handle simulations of protein moleculesand water solvert only. But it
hasthe potertial to be generalizedto work with other standard MD padages,suth
as Amber [47] and NAMD [34], and to perform simulations of lipids and nucleic
acidswith other typesof solvert.

A di erent approad to generalizeMDSimAId is to incorporate MDSIimAId into
aMD padkage. This will allow MDSimAId to be part of the computation engineand
enablemoree cien t analysisof the di erent methods. At the sametime, the tuning
processcan be done at a coarserlevel, sud that instead of tuning the parameters
that are passedto the methods, tuning of the methods themseles can be made
possible.

Furthermore, MDSIimAid only comparesdi erent algorithms for electrostatic
forcesfor single time stepping protocol. An extensionto this analysiswill be to
comparethe algorithms for multiple time stepping[11, 35, 37, 65] protocol. It will
also be advantageousif parallel processingcan be employed for the determination

of the optimal method and parameters.But this will requirethe MD padkagesused
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by MDSimAid and MDSimAid itself to handle parallel computing.

The use of extensiw testing results to generaterules for choosing the optimal
algorithm and parametershasbeensuccessfulHoweer, rules may not have enough
detail to identify all the situations possibleand the current parameteroptimization
algorithm and the rule generationare ad hac. As MDSIimAId is used more often,
the results from searding for the optimal algorithm and parameter setsshould be
addedto the data setto modify the rules. As aresult, the dewvelopmen of a database
with knowledgequery will be bene cial. This is currertly under process. The use
of data mining techniques[29, 30] and well-known optimization algorithms would
alsoallow the extensionof MDSimAId to new problemsin the future.

One other di cult y with the existing rules is that the data set is built with a
rangeof water systemswith di erent numbersof atoms. Although most simulations
aredonein a box of water, the presenceof protein moleculesmay a ect the decision
in choosingthe algorithm and the parametervaluesfor evaluating the electrostatic
forces. On the other hand, for a fully sohated system,the abundanceof the water
moleculesmay make the smallamourt of protein moleculesnsigni cant in the ertire
simulation, which will make our rules remain valid for reference.

With theseadditions and modi cations, the performanceand reliability of MD-
SimAid could be enhancedconsiderably The extensionof the data setsto include
performanceevaluation of the di erent algorithms on molecular systemswith dif-
ferert sizesof protein molecules DNA strandsor lipids will alsoincreasethe adapt-

ability and generality of MDSimAId.
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APPENDIX A

MDSimAid Framework

MDSimAid hasa classcalledMainWindow() that holdsall the information about
the graphicaluserinterfaceand afunction called CreateWidgets()that createsall the
chedkboxes, buttons and ertries and arrangesthem within the main frame according
the speci ed locations. Certain variableshave somedefault valuesassigned.

The start button beginsthe data collection processthrough the getinput() func-
tion, in which the input through the GUI will be extracted. All the variablesare
passedinto MDSimAid main loop wherethe computer models are prepared.

The pdb le is rst corvertedinto CHARMM compatibleformat by stripping ev-
erything exceptthe 'ATOM' information and rst two title linesusing convertpdb().
The details about the CHARMM pdb le format aredescribedin Appendix E. Then
the correspnding PSF le is createdby calling CHARMM and the bounding box
for the systemis also determinedthough getsizeinp()

If the solvation box is cheded by the users,water moleculesare created and
are placed on a lattice enclosingthe system basedon the desired density. The
PDB le for the water box is written out though fullsolvation() and writeshel().
The resulting water box will conformto the dimensionof the systemand any water
moleculeghat arewithin 2.6 A from any atomsin the systemwill beremoved. This
valueis de ned in waterinp(). The orientations of the two OH bondsin eat water

moleculeare randomly selected. There is a potertial error in the sohation process
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becauseof the limitation of the con guration of CHARMM. If oneintendsto usea
big systemor a systemthat is heavily sohated, one must con gure his CHARMM
program to handle the largest size possible. Details on con guring CHARMM can
be found in CHARMM documertation.

Regardlessof whether sohation is chosenor not, CHARMM is calledto perform
energy minimization using minimization() for the number of steps indicated by
the user. Then the heating processheating() begins basedon the users' desired
temperature. The number of stepsis automatically determinedfrom the information
give by the usersabout the temperature and heating frequency

Other functions that have been used to generatethe con guration les for

CHARMM are listed below:

functions descriptions

top le() specify topolgy and parameter les

readers() specify PSF and PDB les

writers() specify format to write out new PSF and PDB les
buildinp() build the structure of the systemloaded

buildwater() || special treatment to existing water in the original PDB le

alignresid() | align the residueidenti cation accordingto CHARMM format

Once all the above processesare done, MDSimAid will generatethe con gu-
ration les for Pr otoMol to comparethe di erent electrostatic evaluation algo-
rithms. If vacuum condition is indicated by users,comparisonsare done between
MG and direct methods to determine the CPU time and accuracyof MG through
compareMGD(). It is understood that MG is faster than direct method for all N
(number of atoms), but the comparisonsare still performedto make surethat MG
canread the accuracydesiredby the users.If periodic boundary conditions are in-

dicated, PME and MG are comparedto Ewald separatelythrough comparePMEE()

63



and compareMGE(). The CPU time and accuracy of the methods are measured
and usedto tune the parameters. From the results obtained through the extensiwe
testing on di erent sizesof water systems,it is concludedthat in periodic boundary
conditions, MG will always be the choice of method unlessthe simulation systemis
lessthan 6000atoms.

The parametersfor MG and PME methods for initial comparisonsare prede-
termined by the rules generatedfrom the results of testing the water systems.The
gridsizefor PME is determinedby the bounding box sizeof the systemand the val-
uesare ensuredto be someacceptablenumbers for fast Fourier transforms through
tsize() . The cuto value for PME is chosenbasedon N and the desiredaccuracy
and the relationship betweenthe cuto and accuracyis described in pmecuto () .
The gridsize,number of levels of grid to useand the softeningdistanceare resohed
using toplevelgrid(), levels() and softdist() respectively.

After the bestmethod andthe optimal parametersare establishedaccordingto N
and the desiredaccuracy the suggestiortogetherwith the CPU time estimation and
accuracyof the method will be reported on the screenor written to a con guration

le.
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- MDSimAid()

GUI pmecutoff()
. ] fftsize()
CrgateW|dgets() ; toplevelgrid()
getinput() levels()
""""" " , softdist()
R . CHARMM i
MDSimAid() - . P““OMO' B
- if water exists in original PDB: : MDSimAid()
buildwater() ‘ PSF file
else: ; compPMEE()
buildinp() compMGE()
: : compMGD()
- getsize() ‘ configuration
- if solvation checked: : files _tuneparamers
fullsolvation()
waterinp()

: - minimization() :
‘ - heating() 3 Report results

Figure A.1. The infrastructure of MDSIimAId.
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APPENDIX B

How to Obtain the Padkages

In order to perform the simulation, you needto gain accesgo Python, the MD

padkages:CHARMM, Pr otoMol and MDSimAid.

CHARMM is a moleculardynamicspadkagefor macromolecular/biomolecular
simulations, including energy minimization, molecular dynamics and Monte
Carlo simulations. Equilibrium properties, sud as radial distribution func-
tions and free energiesand dynamical properties, sud asdi usion constans,
are be computed by solving Newton's equation with forcesderived from an

empirical force eld.

Instructions for gaining accesso CHARMM are available at

http://yuri.harvard.edu/

Pr otoMol is a framework for molecular dynamics (MD) simulations using
non-bonded, bonded, short-rangeand long-rangeforcesoptimized for tens of
thousandsof atomsrepreseting water and seeral large molecules.The design
of the Pr otoMol infrastructure is basedon an object-oriented designheavily

using templates to achieve exibilit y, maintainability and high-performance.
The framework consistsof a front endhandling the 1/0O, a middle layer handles
integration and a back end solving the computational part, including a variety

of interfacesfor relevant tools.
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Pr otoMol is available at http://www.nd.edu/~Icls/Pr  otomol. html.

MDSimAid is an automatic recommenderthat provides a userfriendly inter-
face to molecular simulations. It helps setup computer models for usersin
order to avoid being overwhelmedby the amourt of technical details and it
choosesthe best method with the optimal parametersbasedon desiredaccu-

racy.

MDSimAid is available at http://www.nd.edu/~Icls/m  dsi maidind ex.html.

Python is an interpreted, interactive, object-oriented programming language.
It is often comparedto Tcl, Perl, Sdhemeor Java. It currently runs on UNIX,

Windows, DOS, 0S/2 and Mac. Python hasvery clearsyntax and it hasmod-
ules, classesgxceptions,and somehigh level dynamic data types. There are
interfacesto many systemcalls and libraries, aswell asto various windowing
systems(X11, Motif, Tk, Mac, MFC). New built-in modulesare easilywritten

in C or C++. Python is alsousableasan extensionlanguagefor applications

that needa programmableinterface.

Downloadsare available at http://www.python.org/downl oad .
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APPENDIX C

MDSimAid Tutorial

After obtaining the software and installing them, there are only a few things one

will needto decideon to start the simulation with MDSimAid.

1. Retrieve the PDB le from the Protein Data Bank.

2. Invoke MDSIimAId by typing MDSimAId at cortrol prompt.

3. Decideon the following simulation environmert:

Sohate the system?

{ if yes,what should be the moleculardensity?
Minimize the energyof the system?

{ if yes,how many steps?
Heat the system?

{ if yes, what should be the nal temperature and the frequency of

heating?
Boundary condition: vacuum or periodic?

Desiredaccuracy

Input the valuesinto the graphicalinterface and hit start, MDSimAid will take

care of the rest!
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APPENDIX D

Deweloper's Guide

Adding a new function will require the changesto the following:

{ createanewvariablein MainWindow() and setthe default valueif desired

through 'self.variable.set()'.
{ createthe widget in CreateWidgets() and specify a location for it.
{ getthe value by adding “self.\ariable.get()' in getinput().

{ Passthe variable to MDSIimAid()
Changingthe sohert typeswill require:

{ changethe angleand bond length calculation aswell asthe atom typein

writeshel() .

Modifying the rules for choosing parameters(also refer to Appendix F):

{ PME:
Edit the lists holding the valuesfor the cuto valuesin pmecuto () .
Changethe rulesin choosingthe gridsizein tsize() .

De ne the algorithm in tuning the cuto value. For example,while
the desiredaccuracyis not achieved and PME requireslessCPU time

than MG, then cuto value will be increasedby 1.
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while (PMErPE> float(accuracy)) and (PMEtime <= MGtime):

line29 = space*24+'-cutoff '+str(cutoffvalue)+\n’

comparePMEE(confName,linelin e2,l ine 10,1 inel2,li nel3,\
linel4,linel6,linel? linel 8,li nel9li ne20\
line26,line27,line28,line2 9,Ii neZ3)li ne24)\
line25,line40,line41,line4 2,li ned3li ned4\
line45,line46,line47,line4 8)

temp = PMErPE

PMErPE,PMEtime analysisPMEE(confName,acuracy)

if (PMErPE> tempPME):

break
else:
tempPME= PMErPE
cutoffvalue = cutoffvalue + 1
{ MG:

Edit the appropriate gridsize in toplevelgrid() accordingto system

sizeand accuracydesired.

Changethe number of levelsto be usedfor ead systemsizelisted in

levels().

Managethe softening distancesin three di erent lists separatedby

boundary condition and desiredaccuracy

De ne the algorithm in tuning the parameters. For example, if
while the desiredaccuracyis not met and MG requireslessCPU time
than Ewald, then the grid sizewill be increasedby 1.

while (MGrPE> float(accuracy)) and (MGtime < 1):
line35 = space*24+'-toplevelgrid ‘+str(mgGrid)+'  '+\
str(imgGrid)+ ' ‘+str(mgGrid) + \n’
compareMGE(confName,ling,li ne2lin el0,line 12,line 13\
linel4,linel6,linel7,line 18,line 19, ine20,\
line30,line31,line32,line 33,line 34,1 ine35,\
line23,line24,line25,line 40, line 41,] ine42\
line43,line44,line45,line 46,line 47,] ine48)
MGrPE,MGtime analysisMGE(confName,acairacy)
if (MGrPE> temp):
break
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else:
tempMG= MGrPE
mgGrid = mgGrid+1

Adding new algorithms for comparison:
{ Add the necessarynew lines with the correct format for Pr otoMol at

the end of MDSimAId() .

{ Choosethe methodsto be comparedand group the linestogetherto form

the con guration les, similar to compPMEE, compMGE and compMGD.

{ Determinethe rulesfor choosingthe parametersand add the function for

guery and tuning of the values.

{ Report the comparisonresults.
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APPENDIX E

Formatting PDB Files

CHARMM is a very popular and powerful molecular simulation program de-
veloped at the Harvard University. However, CHARMM doesnot understand and
cannot ignorethe HEADER or any other information beforethe actual coordinate
sectionin any PDB le. Therefore, all thesewill have to be removed but one can
optionally replacedthem by a standard CHARMM title.

Furthermore, CHARMM expects the le format to follow exactly the former

Protein Data Bank standards, which is

text IATOM TYPE RES IRES XY Z w
A6 5 2XA4 A4 |5 4X 3F8.3 6X F6.2

Howeer, the le format of the PDB has beenupdated to version2.2 and it is no

longer compatible to what CHARMM is expecting. The new format is

text IATOM TYPE RESID IRES X Y Z W SEGEle Charge
A6 15 1IXA4 A1 A3 AlI5 Al13F8.3 2F6.2 A4 A2 A2

Furthermore, there is inconsistencyamongthe PDB les that are currerntly de-
posited in the data bank. Unfortunately, the fact that usersmust edit the atom
elds in their pdb les is not noted in the CHARMM documenation. The extra
charactersin ead of the ATOM lines make it impossiblefor CHARMM to under-
stand the coordinatesfor eat atom and the lack of a segmenhidenti cation for eah

atom alsomakesit unableto interpret the information neededto generatea correct
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structure for the molecules. Therefore, occasionallyusersmay nd error messages

without knowing the actual reasons.
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APPENDIX F

Rulesfor Choosingthe Parameters

Currently, the data collectedfrom the extensiwe tests doneon the water systems
are interpreted asrulesto determinethe initial valuesfor the parametersets. It is
setup as somelookup tables. The number of atoms and desiredaccuracyare used
askeysto nd the correspnding paremetervalues. If the number of atomsdoesnot
match exactly to thosein the tables, MDSimAid will choosethe onethat is closest
to that number. For example,if N = 5780,this number is closerto 4000than to
8000, MDSimAid will choosethe parametervaluesfor N = 4000and then adjust
them during real time analysis. The table for the cuto distancein PME is shown

in Table F.1. Other parametersfor di erent methods also have similar tables.

Table F.1. Cuto distancesfor PME

Number of atoms | 1e-6| 1e-5| 1le-4
1000 11 (10 |8
2000 11 |10 |8
4000 12 |11 |9
8000 13 (12 |10
10000 13 (12 |10
20000 15 (13 |11
40000 17 |15 |13
80000 20 (18 |16
100000 21 |16 |17
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