
ABSTRACT 

CURTIS, EMILY MARIE.  A Novel, Systematic Multiscale Modeling Method to Calculate 
Coarse-Grained Parameters for the Simulation of Biomolecules.  (Under the direction of 
Carol K. Hall.) 

We developed new intermediate resolution implicit solvent models for lipids, 

“LIME” and DNA molecules, “DIME,” designed for use with discontinuous molecular 

dynamics (DMD) simulations.  A multi-scale modeling approach was used to extract both the 

LIME and DIME parameters from explicit solvent atomistic simulations.  We applied LIME 

to study the spontaneous formation of lipid bilayers, the behavior of mixed lipid systems at 

different pH values and the interaction between membranes and nanoparticles. DIME was 

used to investigate the structural properties of DNA and the process by which two DNA 

strands hybridize in solution. 

In LIME, 14 coarse-grained sites that are classified as 1 of 6 types represent DPPC.  

DMD simulations performed on a random solution of DPPC lipids resulted in the 

spontaneous formation of a defect free bilayer in less than 4 hours.  The speed at which the 

formation of the bilayer was observed is close to an order of magnitude faster than the fastest 

reported speed for a coarse-grained, implicit solvent model.   The bilayer formed 

quantitatively reproduces the main structural properties (e.g. area per lipid, bilayer thickness, 

bond order parameters) that are observed experimentally.  In addition, the bilayer transitions 

from a liquid-crystalline phase to a tilted gel phase when the temperature is reduced.  

Transbilayer movement of a lipid from the bottom leaflet to the top leaflet is observed when 

the temperature is increased.   



Our initial LIME model was extended to include the description of the geometry and 

energetics of DPPC, 1,2-distearoyl-sn-glycero-3-phospho-L-serine (DSPS) and 1,2-

dihenarachidoyl-sn-glycero-3-phosphocholine (21PC) at both neutral and low pH at 310K.  

In the model, 14 coarse-grained sites represent DPPC, 17 coarse-grained sites represent 

DSPS and 18 coarse-grained sites represent 21PC.  Each of these coarse-grained sites is 

classified as 1 of 10 types.  LIME/DMD simulations performed on bilayers containing 

different compositions of DPPC/DSPS and 21PC/DSPS showed similar heterogeneous 

domain formation at both a neutral and low pH.   

We demonstrate how the combination of DMD and LIME can be used to model the 

interaction between lipid membranes and nanoparticles of different sizes, densities and 

hydrophobicities.  In this work we run “proof of concept “ simulations to demonstrate that 

our model can be evolved to examine more specific nanoparticle-membrane systems.  We 

studied the wrapping process for nanoparticles with diameters from 5Å to 100Å and found 

that DPPC bilayers do not wrap nanoparticles with a diameter less than 20Å.  Instead, we 

found that these particles become embedded in the bilayer surface where they can easily 

interact with the hydrophilic head groups of the lipid molecules.  We also investigated the 

interaction between hydrophobic nanoparticles with diameters from 5Å to 40Å.  According 

to our results, the hydrophobic nanoparticles do not undergo the wrapping process; instead 

they directly penetrate the membrane and embed themselves within the inner hydrophobic 

core of the bilayers.  The density of the hydrophilic and hydrophobic nanoparticles did not 

appear to affect the way in which they interact with the membranes. 



In DIME, three coarse-grained sites are used to represent each nucleotide (one for 

each sugar, phosphate and base molecule).  Each of these coarse-grained sites is classified as 

1 of 6 types for sugar, phosphate, cytosine, guanine, adenine and thymine.  DMD simulations 

performed on an initial random configuration of two single-stranded Dickerson-Drew 

dodecamer chains resulted in the formation of a double-helical structure within 

approximately 0.17 CPU hours.  An alternative procedure for calculating the square-well 

width for each pair of interaction sites, which involves the second virial coefficient, was also 

investigated.  Simulations run using this second set of parameters did not result in the 

spontaneous formation of a double helix even though the double helix remained stable at low 

temperature. 
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CHAPTER 1 

Introduction 
 

1.1 Motivation 
 

The technological advances that have been made to date in the many fields of 

research aimed at exploiting the unique properties of biomolecules and nanoparticles are 

astonishing.  For example, lipid bilayers and liposomes are now being used to create novel 

devices for the targeted delivery of proteins, nucleic acids and drugs to treat a wide variety of 

diseases.[1,2,3]  In addition, DNA microarrays are used to measure gene expression levels 

[4,5,6,7] and the potential of DNA to replace silicon transistors as the next generation of 

storage technology [8] was recently demonstrated.  Drugs that function by targeting DNA 

molecules have also been developed.[9,10,11]  The interaction between nanoparticles and 

biomolecules has also become a popular area of study due to the increasing applications of 

nanoparticles in drug delivery and the concerns associated with nanoparticle toxicity.  In 

order to fully realize the potential of the numerous emerging biomolecular technologies, a 

tool that would provide a better understanding of biomolecules and nanoparticles on a 

molecular level is needed.  One approach that is commonly used to gain insight into the 

behavior of such biomolecular systems on a molecular level is computer simulation.   

 Molecular dynamics computer simulations can be divided roughly into two 

categories:  high-resolution models and low-resolution models.  High-resolution or atomistic 

models are based on a realistic representation of membrane geometry and energetics and 

typically account for the motion of every atom on the membrane and every solvent atom.  
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One drawback associated with atomistic models is that the detail that makes these models so 

realistic and appealing also makes them extremely computational intensive and prevents 

them from examining large conformation changers or long time scales.  In contrast to high-

resolution models, low-resolution models, which are also known as coarse-grained models, 

are based on a simplified representation of molecular geometry and energetics.  In a coarse-

grained model a single interaction site is used to represent the behavior of a group of several 

atoms.  This reduces the total number of sites whose trajectories must be calculated, thereby 

increasing the speed of the simulation. 

This thesis describes our work to develop new intermediate resolution implicit 

solvent models for lipids, “LIME,” and DNA molecules ,“DIME,.”  designed for use with 

discontinuous molecular dynamics computer simulations We provide a detailed explanation 

regarding the multi-scale modeling approach that was used to extract both the LIME and 

DIME parameters from explicit solvent atomistic simulations.  We applied LIME to study the 

spontaneous formation of lipid bilayers, the behavior of mixed lipid systems at different pH 

values and the interaction between membranes and nanoparticles.  DIME was used to 

investigate the structural properties of DNA and the process by which two DNA strands 

hybridize in solution. The long term goal of our work is to develop a systematic approach 

that can be used to gather the geometric and energetic parameters required to run implicit-

solvent, coarse-grained simulations with discontinuous molecular dynamics of any system of 

biomolecules.  In addition, we would like to use these models to provide researchers with 

molecular level insights in order to facilitate the exploration and design of novel 

biomolecular structures and devices.   
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1.2 Overview 
 

In this section, we summarize Chapters 2 – 6 of this thesis.  Each chapter contains a 

literature review and a bibliography. 

Chapter 2 describes in detail the development of “LIME,” which is a new 

intermediate resolution implicit model for lipid molecules.  LIME was designed for use with 

discontinuous molecular dynamics (DMD) simulations.  The model was developed using a 

multi-scale modeling approach in which the geometric and energetic parameters are obtained 

by collecting data from atomistic simulations of a system composed of 1,2-dipalmitoyl-sn-

glycero-3-phosphocholine (DPPC) molecules and explicit water.  In the model, 14 coarse-

grained sites are used to represent DPPC and each of these sites is classified as 1 of 6 types.  

DMD/LIME simulations performed on a random solution of DPPC resulted in the formation 

of a defect free bilayer in less than 4 CPU hours.  The bilayer formed quantitatively 

reproduces the main structural properties (e.g. area per lipid, bilayer thickness, bond order 

parameters) that are observed experimentally.  In addition, the bilayer transitions from a 

liquid-crystalline phase to a tilted gel phase when the temperature is reduced.  Transbilayer 

movement of a lipid from the bottom leaflet to the top leaflet is observed when the 

temperature is increased.  

In Chapter 3 we discuss the expansion of LIME to describe the geometry and 

energetics of DPPC, 1,2-distearoyl-sn-glycero-3-phospho-L-serine (DSPS) and 1,2-

dihenarachidoyl-sn-glycero-3-phosphocholine (21PC) at both a neutral pH and at a low pH at 

310K.  A multi-scale modeling approach was used to calculate the LIME parameters from 

atomistic simulations of a DPPC/DSPS bilayer in explicit solvent at neutral and low pH.  In 
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the model, 14, 17 and 21 coarse-grained sites are used to represent DPPC, DSPS and 21PC, 

respectively.  Each of these coarse-grained sites is classified as 1 of 10 types.  LIME/DMD 

simulations of equimolar bilayers show the following:  21PC/DSPS bilayers separate slightly 

faster at low pH than at neutral pH, but DPPC/DSPS bilayers separate at approximately the 

same rate at neutral and low pH, 21PC/DSPS bilayers separate slightly more than 

DPPC/DSPS bilayers.  Our results also show that at low pH equimolar DPPC/DSPS bilayers 

without surface area restrictions separate faster than those with restrictions but surface area 

restrictions on equimolar low pH 21PC/DSPS bilayers did not affect the separation rate.  

Simulations of DPPC/DSPS and 21PC/DSPS bilayers with different molar ratios of PC:PS 

lipids showed that the higher the concentration of PS lipids, the faster the separation rate.  

Simulations of DPPC/DSPS and 21PC/DSPS liposomes containing doxorubicin showed 

domain formation in both types of liposomes.  However, no drug molecules escaped from 

either type of liposome after 1.5 billion collisions. 

In Chapter 4 we describe the expansion of LIME to model the interaction between 

nanoparticles and lipid membranes.  In this work we do not model any specific type of 

nanoparticle; instead we run several “proof of concept” simulations to investigate the 

interaction between nanoparticles with different physical properties (size, density and 

hydrophobicity) and lipid bilayers.  Our simulations showed that hydrophobic nanoparticles 

do not undergo the wrapping process.  Instead,  they directly penetrated the lipid bilayers and 

remained stable in the hydrophobic core of the membranes.  We also found that the wrapping 

of hydrophilic nanoparticles was size dependent.  According to our results, a membrane will 

not wrap hydrophilic nanoparticles with a diameter less than 20Å.  Instead we found that 
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these nanoparticles become embedded on the surface of the lipid bilayers among the 

hydrophilic head groups of the lipid molecules.  Finally, our simulations showed that the 

mass per volume  of a nanoparticle did not significantly affect  its interaction with a lipid 

bilayer.   

Chapter 5 provides a description of initial work performed to develop a new 

intermediate-resolution implicit-solvent model for DNA molecules, which we call “DIME” 

for DNA Intermediate Resolution Model.  The same multiscale modeling approach used to 

develop LIME was followed to calculate parameters for DIME.  The parameters for this 

model are obtained by collecting data from an atomistic simulation of a Dickerson 

dodecamer duplex with explicit solvent and counterions.   A single coarse-grained site is 

used to represent each sugar, phosphate and base molecule in this model.  Each of these 

coarse-grained sites is classified as 1 of 6 types for sugar, phosphate, cytosine, guanine, 

adenine and thymine.  Similar to LIME, DIME was designed for use with discontinuous 

molecular dynamics simulations.  We are able to use this new model to show the spontaneous 

hybridization that occurs when two Dickerson-Drew dodecamer strands are placed in an 

initial random configuration.  In addition, we discuss the results of alternative method used to 

calculate the square-well width between coarse-grained sites that involves the second virial 

coefficient.  Simulations run using this second set of parameters did not result in the 

spontaneous formation of a double helix even though the helix remained stable at low 

temperatures.  

In Chapter 6 we discuss the future work that we hope to accomplish with LIME and 

DIME.     
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CHAPTER 2 

Molecular Dynamics Simulations of DPPC Bilayers Using “LIME,” a New Coarse-
grained Model 

 

2.1 Introduction 
 

The lipid bilayer, the primary constituent of cellular and intracellular membranes in 

all living organisms, plays a central role in many biological processes including cell signaling 

and protein function.[(1),(2),(3)]  In addition to its physiological significance, lipid bilayers 

are now being used to create devices for targeted delivery of proteins, nucleic acids and drugs 

in the treatment of a wide variety of  diseases.[(4),(5),(6)]  Significant progress has been 

made by scientists working to use these structures to develop therapeutic 

agents.[(7),(8),(9),(10),(11),(12)]  A tool that would allow researchers to visualize the 

structure and function of the lipid bilayer on a molecular level could help enhance the rate of 

advancement in these areas.  For example, we are now using the model discussed in this 

manuscript to study the release of drug molecules from liposomes composed of lipid 

mixtures as a result of a change in pH. [(13),(14),(15)]   

In this paper we take a multiscale modeling approach to develop a new implicit-

solvent intermediate-resolution lipid model, “LIME” for Lipid Intermediate Resolution 

Model, that enables molecular dynamics simulation of the self-assembly of a lipid bilayer.  

The model system chosen for study is the lipid 1,2-dipalmitoyl-sn-glycero-3-phosphocholine 

(DPPC) in water.  We show that discontinuous molecular dynamics (DMD) simulations 

using the LIME forcefield accurately reproduce the structural properties of a DPPC bilayer, 
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including the area per lipid, bilayer thickness, bond order and mass density profiles.  This 

model is the culmination of a systematic program of research aimed at developing simulation 

tools based on coarse-grained lipid models that are fast enough to simulate self assembly of 

large structures yet have accuracy that is comparable to that found in atomistic simulations.  

By using multiscale modeling, which translates the atomistic details from well established 

force fields, GROMOS96 53a6 in this case, into coarse grained simulations, we avoid the 

pitfalls associated with fitting many molecular parameters to the limited data on lipid 

systems.  

Molecular dynamics studies of phospholipid bilayers can be divided roughly into two 

categories:  high-resolution models and low-resolution models.  High-resolution or atomistic 

models are based on a realistic representation of membrane geometry and energetics and 

typically account for the motion of every atom on the membrane and every solvent atom. 

Atomistic simulations of lipid bilayers have been performed to study the permeation of small 

molecules through a lipid bilayer [6], the interaction between lipid bilayers and substrates 

[7], the behavior of charged and neutral bilayers [8], and a large variety of additional bilayer 

properties and behaviors.[(19),20,(21)]  In a recent united-atom study, Kukol demonstrated 

that the GROMOS96 53a6 forcefield [(22)] and the Kukol DPPC3 topology could be used 

with GROMACS [(23),(24)] to reproduce the experimental area per lipid of a preformed 

DPPC bilayer for a united-atom system composed of 128 lipids and 3655 water molecules 

with 3% accuracy without assuming constant surface area or including surface 

pressure.[(25)]  , one drawback associated with atomistic models is that the detail that makes 

these models so realistic and appealing also makes them extremely computationally intensive 
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and prevents them from examining large conformational changes or long time scales.  For 

example, the 90 ns atomistic simulation of 1017 DPPC lipids and 106,563 water molecules 

by de Vries et al. in 2004, which shows the spontaneous formation of a DPPC vesicle, was 

run on four or eight processors at a rate of only 1 ps per processor CPU hour (1.7 GHz Intel 

Pentium IV processors).[(26)] 

Coarse-grained models of lipids have been developed in order to reduce simulation 

time so as to access longer time scales than are achievable in atomistic simulations.  In these 

models clusters of atoms are grouped together into single sites to reduce the number of 

events that require calculation.[(27]  A popular explicit-solvent coarse-grained model for 

lipids is MARTINI which was developed by Marrink et. al. and has been used to simulate the 

spontaneous aggregation of a DPPC bilayer.[(28)]  In this model, an average of four atoms 

are represented by a single interaction site, 10 different types of interaction sites are defined, 

and the interaction strengths between any two sites are assigned one of five values.[(28)]    

The Marrink predictions of the DPPC area per head group, bending modulus, area 

compressibility, lipid lateral diffusion coefficient and water permeation rate closely matched 

the experimentally measured quantities.[(28)]  Marrink et. al improved the MARTINI force 

field (creating version 2.0) by increasing the number of types of possible interaction sites 

from 10 to 18 and increasing the number of  interaction strength levels from 5 to 10.[(29)]  

MARTINI (version 2.0) was applied to model molecular raft formation in model 

membranes.[(29),(30)]  Although we have looked, we have been unable to locate any 

information about the computational speed of the MARTINI model for lipid systems.   Orsi 

and coworkers developed a coarse-grained explicit solvent model for DMPC lipids which 
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represents the 118 atoms of DMPC by 10 coarse-grained sites; the predicted structure, 

elasticity, electrostatics and dynamics of a DMPC bilayer quantitatively matched 

experimental data.[(27)]  In this model, the spherical units representing the headgroup 

choline and phosphate groups interact via the Lennard Jones potential and the glycerol and 

hydrocarbon groups of the lipids are modeled as soft uniaxial ellipsoids through the Gay-

Berne potential.[(27)]  The Orsi model was extended to dioleylphosphatidylcholine (DOPC) 

by adopting a 12 site coarse-grained representation.[(31)]  Their simulations in 2010 of the 

formation by 128 DOPC lipids of a defect-free bilayer required approximately 2.5 days; 

those of the formation by 128 DMPC lipids of a defect-free bilayer with an embedded water 

pore required approximately 25 days (Intel 2.8 GHz processors in serial).[(31)]  

Subsequently, Orsi and Essex developed the electrostatics-based “ELBA” 1.0 force field for 

coarse-grained models of lipid membranes which explicitly represents charges and 

dipoles.[(32)]  In this new model the Gay-Berne components are replaced with Lennard 

Jones potentials.  DOPC, DOPE and DSPC are each represented by 15 spherical CG sites and 

water is treated explicitly. The ELBA 1.0 force-field was found to accurately reproduce 

several of the experimentally observed physical properties of single-species lipid bilayers 

composed of DOPC, DOPE or DSPC in the liquid crystal phase and DSPC in the gel phase. 

ELBA 1.0 was later refined to become ELBA 1.1 to correctly reproduce the hexagonal 

inverse phase for DOPE-water systems.[(33)]  ELBA 1.1 was also used to simulate mixed 

DOPC-DOPE bilayers at various compositions and to calculate the first reported values for 

the lateral pressure and electrical potential profiles for mixed DOPC-DOPE bilayers.[(33)]   

In  a recent study, DeNicola and co-workers developed an explicit-solvent coarse-grained 
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model for phospholipids for use with hybrid particle field molecular dynamics 

simulations.[(34)]  In this work, the MARTINI coarse-grained mapping scheme is used to 

represent DPPC and the model parameters are optimized so that the coarse-grained model 

reproduces the structural properties of the reference particle-particle simulations.[(34)]   

Some coarse-grained models ignore the motion of solvent atoms to further enhance 

the computational efficiency associated with coarse-graining.  Instead, the effect of solvent 

atoms is included implicitly through the use of effective potentials, or potentials of mean 

force. Recently, Wang and Deserno presented an implicit solvent, coarse-grained model for 

POPC bilayers derived using a multiscale modeling approach based on structure-matching 

methodology.[(35)]  In this model the 134 atoms in each POPC lipid molecule are 

represented by 16 coarse-grained sites of 8 different types.  The coarse-grained potentials 

were optimized iteratively to reproduce radial distribution functions and the area per lipid of 

the bilayer obtained from all-atom simulations performed with the molecular dynamics 

program NAMD [(36)] and the fully atomistic CHARM27 [(37)] parameters.  In order to 

promote lipid aggregation in this model, it was necessary to introduce additional cohesive 

interaction potentials between the alkyl tails and between the interfacial head group sites.  

The strength of the cohesive interaction potentials were chosen to promote bilayer stability, 

to match RDFs for the coarse-grained and atomistic simulations, and to optimize the lateral 

stress profile; without it, the bilayer falls apart.  This model was used to simulate the self-

assembly of 288 POPC lipids into a bilayer from a random lipid dispersion that quantitatively 

matched experimental bilayer properties.  A defect-free bilayer formed in approximately 32 

CPU hours (Xeon E5430 2.66 GHz chips in parallel with infiniband connection).[(35)]  A 
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similar approach was taken by Lyubartsev who constructed a coarse-grained, implicit-solvent 

lipid model containing 10 coarse grained sites to represent the 118 atoms of DMPC; the 

parameters were optimized to reproduce the radial distribution functions from all-atom 

molecular dynamics simulations performed with the MDynaMix [(38)] package and the all-

atomic CHARMM27 [(20),(37)] force field.[(39)]  Simulations of DMPC lipids using this 

model show the formation of bicelles and vesicles starting from a disordered system of 

lipids.[(39)]  Izvekov et. al. used a multiscale coarse-graining approach to develop a model in 

which 11 different coarse-grained types are used to represent DMPC and cholesterol 

molecules.[(40)]  The Izvekov model accurately reproduced the structural and elastic 

properties of a DMPC lipid bilayer and was used to simulate pre-formed DMPC/cholesterol 

liposomes.  However, simulations of a DMPC/cholesterol system starting from a random 

dispersion did not form a bilayer.  Instead, this system assembled into aggregates composed 

of DMPC and cholesterol and aggregates composed primarily of cholesterol.[(40)] 

In this paper, we describe the development of an implicit-solvent, coarse-grained 

model, LIME, derived using a multi-scale modeling approach that enables simulations of 

large numbers of phospholipids in aqueous solution.  The number of coarse-grained sites per 

lipid, 14, is very similar to the coarse-grained phospholipid representation of DPPC in other 

models,[(28),(31),(35),(39)] but the interactions are not. Instead the interactions between 

coarse-grained sites are represented by hard sphere and square well potentials as opposed to 

Lennard Jones potentials, thereby allowing us to use discontinuous molecular dynamics, a 

fast alternative to traditional molecular dynamics. The multiscale modeling procedure used to 

determine the model parameters involves the following steps. The trajectory data from a 20 
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ns GROMACS simulation using the GROMOS96 53a6 united-atom forcefield for a system 

containing 30 DPPC phospholipids is coarse-grained into 14 sites.  United-atom simulations 

are essentially the same as atomistic simulations with the exception that hydrogen atoms 

bonded to carbon atoms are represented as a single site.   Radial distribution functions (RDF) 

between all bonded and non-bonded pairs of coarse-grained sites are calculated and used to 

determine LIME geometrical and energetic parameters.  The hard sphere diameter between 

non-bonded coarse-grained sites is estimated to be the smallest distance at which the RDF 

takes a non-zero value. The RDFs were also used to estimate the square well width, and the 

minimum and maximum bond lengths between bonded pairs.  The relative stiffness of each 

lipid is maintained by imposing pseudobonds, which limit the bond length fluctuations to the 

values observed in the GROMACS simulations. Interaction energies between non-bonded 

coarse-grained sites are determined by calculating the potential of mean force using a one-

step Boltzmann inversion scheme.[(41),(42)]  In the model each coarse-grained site has its 

own realistic mass.   

Highlights of our results include the following; The model successfully simulates the 

spontaneous assembly of a DPPC bilayer composed of 256 lipids in less than 4 CPU hours 

starting from a random initial configuration, which is approximately an order of magnitude 

faster than the fastest reported coarse-grained implicit solvent model.  The area per lipid of 

our bilayer is within 2% of the value calculated from our GROMACS simulation data and the 

literature value.   The thickness of our bilayer is within 5-7% of the literature value and 

within 4-8% of the thickness of the bilayer in our GROMACS simulations.  The orientational 

order parameter of the alkyl tail bonds in LIME are in excellent agreement with those 
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calculated from the GROMACS model.  The mass density profiles of the LIME and 

GROMACS models closely match each other. Finally, LIME is able to simulate transbilayer 

flip-flop in which a lipid flips from the bottom leaflet of a membrane to the top leaflet.   

2.2 Theoretical Methods 
 

In LIME six different coarse-grained types (I – VI) are used to represent the 130 

atoms that make up a DPPC molecule.  DPPC is composed of a polar head group that 

includes a choline, phosphate and two ester linkages, and two nonpolar hydrophobic acyl 

tails.  Figure 2.1 illustrates the coarse-graining of a DPPC molecule from 50 united-atom 

(Figure 2.1a) to the 14 coarse-grained sites in the LIME representation. This figure and all 

other figures depicting lipid molecules throughout the paper were generated with Visual 

Molecular Dynamics (VMD).[(43)  Each coarse-grained site that represents a unique set of 

atoms is assigned a different coarse-grained type.  Each coarse-grained type is represented by 

a different color in Figure 2.1b.  Table 2.1 lists the atoms included in each coarse-grained 

site, the “type” assigned to each coarse-grained site and the mass of each coarse-grained site. 

Types I and II represent the choline entity and the phosphate group, respectively.  Ester 

coarse-grained sites 3 and 9 are assigned types III and IV, respectively.  The coarse-grained 

sites in the hydrocarbon tails (excluding the terminal sites) are assigned type V.  Finally, the 

terminal tail coarse-grained sites are classified as type VI.  We	  considered	  treating	  the	  

terminal	  tail	  beads	  (sites	  8	  &	  14)	  as	  the	  same	  type	  as	  the	  non-‐terminal	  tail	  beads	  (sites	  

4-‐7	  &	  10-‐13)	  because	  type	  V	  differs	  from	  type	  VI	  only	  by	  a	  single	  hydrogen	  atom.	  	  

However,	  we	  found	  that	  the	  epsilons	  for	  type	  V&V	  pairs	  (ε	  =	  -‐0.050	  eV) are	  significantly	  
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different	  than	  the	  parameters	  for	  type	  VI&VI	  pairs	  (ε	  =	  -‐0.070	  eV).	  	  This	  is	  probably	  

because	  of	  the	  differences	  in	  connectivity	  between	  the	  two	  types.	  	  Therefore,	  we	  felt	  

that	  it	  was	  important	  that	  the	  different	  groups	  have	  their	  own	  unique	  types. 

In addition to coarse-graining and treating solvent implicitly, we employ 

discontinuous molecular dynamics (DMD) simulation to further increase the speed of our 

code. DMD [(44)] is a very fast alternative to traditional molecular dynamics simulation that 

is applicable to systems of molecules interacting via discontinuous potentials, e.g., hard-

sphere and square-well potentials.  For this reason, all of the inter- and intra- molecular 

interactions in our lipid model are represented by a combination of hard-sphere and square 

well potentials, as opposed to the Lennard Jones, Coulombic and harmonic potentials found 

in traditional molecular dynamics simulations.  Unlike continuous potentials, such as the 

Lennard-Jones potential, discontinuous potentials exert forces only when particles collide.  

This enables the exact (as opposed to the numerical) solution of the collision dynamics.  This 

imparts great speed to the algorithm and allows sampling of much wider regions of 

conformational space, longer time scales and larger systems than in traditional molecular 

dynamics.  Molecules are given an initial random configuration that satisfies both excluded 

volume and angular constraints.  Initial velocities are chosen randomly from a Maxwell-

Boltzmann distribution about the desired temperature.  Particle trajectories are followed by 

calculating the time between each collision and advancing the simulation to the next event.  

Types of events include a collision between two spheres, a bond event when the distance 

between two bonded spheres reaches a minimum or maximum limit, and a square well event 

when two spheres enter (capture), unsuccessfully attempt to escape (bounce) or successfully 
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leave (dissociation) a square-well attraction.[(44),(45),(46),(47)]  The simulations are 

performed with the number of particles, the temperature and the volume held constant.  The 

temperature is maintained constant using the Andersen thermostat, which uses ghost 

collisions with randomly selected particles in the system to maintain the Maxwell-Boltzmann 

velocity distribution about the desired temperature.[(48)]  The simulations were run at 

constant volume as this is the most straightforward ensemble for use in DMD.  In the 

Conclusion section we discuss the possibility of simulating lipids in the NPT ensemble using 

a combination of a hybrid Monte Carlo/DMD approach.    

Data used to calculate the coarse-grained model parameters was obtained by running 

explicit-solvent NPT ensemble united-atom simulations on a system containing 30 DPPC 

phospholipids and 8655 water molecules. The GROMACS simulation package [(23),4], 

version 4.5.4, was used with the GROMOS96 53a6 forcefield [(22)] and the Kukol DPPC3 

topology, which has been shown previously to accurately reproduce the experimental area 

per lipid, lateral self diffusion constant and deuterium order parameters for the acyl chains in 

DPPC bilayers in solution.[(25)] The initial configuration of this system was random in a box 

with equal sides of length 100.0 Å.  The Berendsen thermostat [(49)] was used to keep the 

temperature constant at 325K throughout the simulation with a time constant of 0.1ps.  The 

simulation was run for 20 ns with a time step of 0.002 ps for approximately 48 CPU hours.  

Periodic boundary conditions were applied and the pressure was maintained at 1.0 bar.   

Throughout the GROMACS simulation the coordinates of each atom were written to an 

output trajectory file every 1 ps.  These output files were used to calculate the centers of mass 

for each of the 14 coarse-grained sites on the 30 phospholipids. 
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We chose to run atomistic simulations of a small system to gather data for use in 

calculating coarse-grained parameters because we did not want to restrict the movement of 

the lipids during the atomistic simulation.  It is not uncommon to gather data for a coarse-

grained model from a small system.  For example, Lyubartsev performed atomistic 

simulations of only 16 DMPC lipids to obtain data for use in calculating coarse-grained 

parameters.[(39)]  To ensure that our atomistic simulation of 30 DPPC lipids was not too 

small or at too low a density, we compared the radial distributions we calculated from this 

simulation with those calculated from a GROMACS simulation of 128 DPPC lipids in a box 

with dimensions of 64Å x 64Å x 90Å.  The sigma and lamda values calculated from each 

GROMACS simulation were nearly identical.  Furthermore, the epsilon values calculated 

from each simulation differed by minimal amounts. 

2.3 Results and Discussion 
 

The LIME interaction energies were determined using a one-step Boltzmann 

inversion procedure inspired by the iterative Boltzmann inversion scheme, which is a popular 

strategy used to systematically compute potentials for coarse-grained 

simulations.[(35),(41),(42)]  We begin by reminding the reader of the iterative Boltzmann 

inversion scheme, an approach based on the idea that the effective potential, or potential of 

mean force, U(r), between two molecules in a sea of molecules can be obtained from the 

radial distribution g(r) using: 

U(r) = -kBTln[g(r)]       Equation 1 
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where kB is the Boltzmann constant and T is the temperature of the system.  The iterative 

Boltzmann inversion scheme involves the following steps:  (1) Data from an atomistic 

simulation is used to calculate the intermolecular radial distribution function g(r) between 

coarse-grained sites. (2) An initial guess for the potential of mean force, U(r), between the 

coarse-grained sites is determined using Equation 1. (3) A coarse-grained simulation using 

the initial guess for the potential of mean force is run and a new g(r) between coarse-grained 

sites is calculated. (4) The difference between the coarse-grained and the atomistic potentials 

of mean force is used to generate a correction to the coarse-grained potential of mean force. 

(5) This process is repeated iteratively until the coarse-grained and atomistic potentials of 

mean force match each other within a prescribed tolerance.[(41),(42)] 

Instead of using the iterative Boltzmann inversion procedure described above, we use 

a simplified, one-step Boltzmann inversion to obtain the LIME interaction energies.  Figure 

2.2 outlines this approach, the procedure is the following:  (1) the average radial distribution 

function between two intermolecular coarse-grained sites is determined, (2) the potential of 

mean force is calculated using Equation 1, and (3) the minimum value of the potential of 

mean force between the coarse-grained sites, ε, is chosen to be the depth of the square well 

potential.  Mathematically this can be expressed as: 

ε = -kBTln[g(r)MAX]  Equation 2 

where g(r)MAX is the maximum value of g(r) in the radial distribution function and T is the 

temperature of the system.  If the ε between two coarse-grained sites is greater than -0.005 

eV, the sites are assumed to have a hard-sphere interaction (ε = 0.0 eV). 
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The iterative Boltzmann inversion approach was not used to obtain the LIME 

parameters because the shape of the radial distribution function for a discontinuous potential 

obtained by coarse-graining the GROMACS simulation is dramatically different from the 

shape of the radial distribution function associated with a square-well potential.  See for 

example the radial distribution function for sites 1 & 1 obtained during a LIME simulation 

shown in Figure 2.3.  As is expected for square-well systems, there are no oscillations and 

there are discontinuities in g(r) at distances that correspond to the discontinuity in the 

potential.  Thus it does not make sense to use an iterative procedure to try to match the 

GROMACS and coarse-grained potentials.  By using the one-step Boltzmann inversion 

scheme we are able to develop a model that very accurately matches experimental 

observations for a lipid bilayer.  Since we were able to obtain very good agreement between 

the physical properties of our LIME bilayer with experimental values we did not attempt to 

go beyond a one-step scheme. 

The LIME hard sphere (σHS) diameters and square-well (λ) widths were determined 

from the radial distribution functions between pairs of non-bonded coarse-grained sites in the 

GROMACS simulations which were run on 30 DPPC and 8655 water molecules.  As shown 

in Figure 2.2a the hard sphere diameter (σHS) for each pair of interaction sites was 

determined by locating the smallest non-zero separation between the two sites.  The square 

well sphere diameter (λ) for each pair of interaction sites was determined by examining the 

radial distribution function between those sites.  First, the local maximum (labeled b in 

Figure 2.2a) located at the largest distance less than 15 Å was identified.  Next, the local 
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minimum (labeled a in Figure 2.2a) preceding this local max was identified.  Finaly, λ was 

calculated using: 

λ = a + 2d  Equation 3 

where d = (b-a).  If a λ value greater than 15 Å was calculated, the procedure for calculating 

λ was repeated using a local maximum closer to the origin.  Sample radial distributions for 

intermolecular coarse-grained types 1&1, 1&2 and 5&5 are provided in Figure 2.4. The hard 

sphere diameters (σHS) determined for coarse-grained types 1&1, 1&2 and 5&5 are 4.35 Å, 

3.85 Å and 3.75 Å, respectively.  The values of λ for coarse-grained types 1&1, 1&2 and 

5&5 were found to be 12.65 Å, 9.85 Å and 11.56 Å, respectively.  A complete list of all hard 

sphere diameters, square well widths and interaction energies is provided in Table 2.2.  

The minimum and maximum bond lengths were determined by plotting the radial 

distribution functions for bonded coarse-grained sites.  The minimum bond length (σMIN) was 

chosen as the smallest possible distance between two bonded coarse-grained sites.  The 

maximum bond length (σMAX) was chosen as the largest distance for which a non-zero g(r) 

was observed. Sample distributions for intramolecular coarse-grained types 1&2, 3&5, and 

5&6 used to determine σMIN and σMAX for bonds and the resulting values of σMIN and σMAX  are 

provided in Figure 2.5.    

The relative stiffness of the lipid molecule is maintained by imposing pseudobonds, 

which limit the fluctuation of coarse-grained sites to the angles and torsional angles observed 

during the GROMACS simulations.  Bond angles were maintained by imposing pseudobonds 

between all next nearest neighboring sites along the chain.  Torsional angles were maintained 
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with pseudobonds between next next nearest neighboring sites along the chain.  Bond 

distributions for intramolecular sites calculated from the GROMACS simulations were used 

to determine the minimum and maximum values for the pseudobond lengths in LIME.  The 

minimum pseudobond length was determined by finding the smallest distance at which the 

intramolecular bond distribution function exceeds 30% of its maximum value.  The 

maximum pseudobond length was determined by finding the smallest distance, larger than 

the distance at which the bond distribution function maximum occurs, where the 

intramolecular bond distribution function falls below 30% of its maximum value.  

Pseudobonds were also added between intramolecular coarse-grained sites 5&11, 6&12, 

7&13 and 8&14 on the same chain to restrict the separation between the tails to the distances 

observed during the GROMACS simulations.  This was done to prevent the tails from 

adopting conformations that were not frequently observed during the GROMACS 

simulations.  The minimum pseudobond lengths between intramolecular sites 5&11, 6&12, 

7&13, and 8&14 were determined by locating the smallest distance at which the 

intramolecular bond distribution function exceeds 30% of its maximum value.  The 

maximum pseudobond lengths between intramolecular sites 5&11, 6&12, 7&13 and 8&14 

were determined by finding the smallest distance, larger than the distance at which the 

intramolecular bond distribution function maximum occurs, where the bond distribution 

function falls below 30% of its maximum value.   

In all the simulations run using the LIME force field, periodic boundary conditions 

were implemented to eliminate any artifacts that might be caused by the box walls.  In 

addition, all simulations were carried out in the canonical ensemble where the number of 
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particles, the temperature and the volume are held constant. Simulation temperature in LIME 

is expressed in terms of the reduced temperature, T*: 

T*= kBT/ε*  Equation 4 

where kB is Boltzmann’s constant, T is the temperature, and ε* is the reference interaction 

strength.[(50)]  The reference interaction strength, ε*, was calculated using: 

ε*=
nijεij

ij
∑

nij
ij
∑  Equation 5 

where nij is the number of coarse-grained sites with a type i  and type j interaction and εij is 

the interaction energy between coarse-grained types i and j.  The εij values were obtained 

from the GROMACS simulations at T=325K.  The resulting value for ε* calculated from 

Equation 4 is 0.0363.  Thus when T* = kBT/ε* = (8.6173x10-5eV/K)*(325K)/(0.363eV) = 

0.77 in our DMD/LIME simulations, the lipid molecules will behave as they would at a real 

temperature of 325K.  The Andersen thermostat is used to hold the temperature constant.  In 

this method randomly selected particles collide infrequently with ghost particles, effectively 

reassigning the particle’s velocity randomly so as to maintain a Maxwell-Boltzmann 

distribution centered at the simulation temperature.[(48)]  All LIME/DMD simulations were 

run with a DMD software program developed in the Hall research lab called EMBLEM.  

This program is written in C++.  The Intel compiler was used to compile this code and all 

other codes used in the development and analysis of LIME.  All simulations were run in 
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serial.  DMD can be run in parallel and in the future it is likely that we will parallelize our 

code.[(51)] 

Five independent DMD simulations starting from different random configurations 

were run using the LIME force field to determine whether or not a bilayer could be formed 

starting from a random configuration of 256 DPPC phospholipids at a T* = 0.77.  The 

lengths of the sides of the simulation cell were set to 90 Å.  A bilayer was formed in all five 

simulations.  Simulations of the 256-lipid system were run with several different box sizes to 

ascertain which box size should be used to evaluate bilayer properties.  First, we simulated a 

system of 256 lipids in a box with dimensions of 100Å x 100Å x 100Å.  This system formed 

a bilayer with a large hole in it as shown in Figure 2.6a.  The area per lipid of this bilayer, 

counting only portions external to the hole, was 63.3 Å2±0.1 Å2.  (If it had spanned the box, 

the area per lipid would have been 78.1 Å2).  Although at first glance the hole in our bilayer 

may appear to be a hole of vacuum, this is not the case. In the implicit-solvent approach that 

we are using all of the empty space is meant to represent a structureless solvent.  This is a 

consequence of using the McMillan-Mayer solution approach in which a two-component 

system is mapped onto to a one-component system by integrating out the degrees of freedom 

of solvent and hence increasing the speed of our simulations.[(52)]  Since our lipid 

parameters are calculated using a method that accounts for the effect of water, they are 

expected to behave as they would in an aqueous solution, not a vacuum.   See the 

Conclusions section for more discussion of this issue.  Next, we ran a simulation of 256 

DPPC lipids in a box with dimensions of 80Å x 80Å x 80Å.  The bilayer formed in this 

simulation did not span the box; instead portions of the bilayer crawled upwards along the 
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sides of the simulation box.  Thus there were obviously too few lipids in the first box size 

(100Å3) and too many lipids in the second box size (80 Å3).  Since the bilayer formed in the 

first simulation adjusted its size naturally, unencumbered by the constraints imposed by 

periodic boundary conditions, we surmised that its area per lipid (63.3 Å2) was likely to be 

characteristic of an equilibrium structure.  Hence we decided to perform all of our 256-lipid 

production simulations in boxes of size of 90Å x 90Å x 90Å, since this gave the best chance 

of having an area per lipid of 63.3 Å2.  Figure 2.6b shows an aerial image of a bilayer 

formed during one of those simulations. 

Snapshots of one system at different time points throughout the simulation are 

provided in Figure 2.7.  Each lipid is represented according to the following color scheme:  

purple (choline entity – type I); orange (phosphate group – type II); red (ester groups – type 

III and type IV); cyan (alkyl tail groups – type V and type VI).  The initial random 

configuration of the system is shown in Figure 2.7(a).  The lipids begin aggregating at 

around 15 million collisions  (Figure 2.7(b)) and form a single disordered aggregate (Figure 

2.7(c)) at 50 million collisions.  The snapshots in Figures 2.7(d – f) show the aggregate as it 

rearranges to form a defect free bilayer.  The 150 million collisions required to form the 

defect free bilayer shown in Figure 2.7f took approximately 3.8 CPU hours.  The time scale 

for aggregate formation, 50 million collisions, is rather quick compared to the time it takes, 

150 million collisions, to organize into a defect free bilayer.   

It is of interest to compare the structural properties of the DPPC bilayer formed using 

LIME/DMD simulations with the structural properties obtained from a GROMACS 

simulation.  Accordingly, a GROMACS simulation of a pre-formed defect-free DPPC bilayer 
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composed of 128 DPPC lipids was performed using the GROMOS96 53a6 forcefield in the 

NPT ensemble.  The initial coordinates for the bilayer were obtained from the supporting 

information provided by Kukol.[(25)]  The Berendsen thermostat was employed to maintain 

the temperature at 325K; the pressure was held constant at 1.0 bar.[(49)]  The simulation was 

run for 20 ns with a time step of 0.002 ps.  The bilayer remained stable throughout the 

simulation. 

The bilayer thickness and the area per lipid of the bilayers formed during the LIME 

simulations closely match both experimental values and the values calculated from the 

GROMACS simulation described above.  The LIME values for the bilayer thickness and the 

area per lipid were calculated by averaging the data from the five independent DMD 

simulations, which were all started from different initial configurations.  After a bilayer 

formed, the simulation was continued for an additional billion collisions.  Data from the 

billion collisions following the formation of a defect free bilayer was used to calculate the 

physical properties of that bilayer, including the bilayer thickness, area per lipid and bond 

order parameters.  The bilayer thickness is defined as the distance along the direction 

perpendicular to the bilayer normal between the average location of phosphate groups in the 

top and bottom leaflets of the bilayer.  The LIME/DMD value for the thickness of the DPPC 

bilayer is 35.7	  Å	  +	  0.3	  Å	  at	  a	  reduced	  temperature	  of	  0.77.	  	  The	  experimental	  value	  for	  

the	  DPPC	  bilayer	  thickness,	  which	  is	  measured	  as	  the	  distance	  between	  phosphate	  

groups	  in	  the	  upper	  and	  lower	  leaflets	  of	  the	  bilayer	  in	  the	  electron	  density	  profile	  is	  

approximately	  38.0	  Å	  at	  50oC.[(53),(54)]	  	  The	  bilayer	  thickness	  measured	  between	  two	  

type	  2	  coarse-‐grained	  (phosphate)	  groups	  during	  the	  GROMACS	  simulations	  was	  38.0	  Å	  
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+	  0.6	  Å	  at	  52oC.	  	  Thus,	  the	  LIME	  bilayer	  thickness	  is	  within	  5-‐7%	  the	  experimental	  value	  

and	  4-‐8%	  the	  GROMACS	  bilayer	  thickness.	  	  The	  area	  per	  lipid	  in	  our	  LIME/DMD	  and	  

GROMACS	  simulations	  was	  calculated	  by	  multiplying	  the	  length	  and	  width	  of	  the	  bilayer	  

and	  dividing	  by	  half	  of	  the	  number	  of	  the	  lipids	  in	  the	  system	  (to	  approximate	  the	  

number	  of	  lipids	  in	  each	  leaflet).	  	  The area per lipid for the bilayer formed by DPPC in our 

DMD/LIME simulations is 63.3 Å2, which is very close to the experimental area of 63.0 + 1.0 

Å2 at T = 323K reported by Kucerka et al.[(54)]  The area per lipid calculated for the DPPC 

bilayer in our GROMACS simulations at a T = 325K is 64.6 + 0.1 Å2. 	  

To further evaluate the structural properties of our coarse-grained model the 

orientational order parameter, sbond, for different bonds along the chain was calculated; it is 

defined to be: 

 Sbond =
1
2
3cos2θ −1    Equation 2 

where θ is the angle between the vector along a coarse-grained bond and the bilayer 

normal.[(28),(35)]  Sbond values of 1, -1/2 and 0 correlate to bonds with a parallel, an 

alignment perpendicular to the bilayer normal and completely random alignment with the 

bilayer normal.[(28),(35)]  To obtain the orientational bond order parameters from the 

GROMACS simulation of the DPPC bilayer, the data was coarse-grained and the bond order 

parameters for different site types along the chain were calculated.  The GROMACS 

simulation was run at a temperature of 325K and the LIME/DMD simulation was run at the 

equivalent reduced temperature of 0.77.  Figure 2.8 shows the values of the orientational 

bond order parameters obtained for the LIME coarse-grained model (green line) and for the 
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GROMACS simulation (blue line) versus the bond numbers, which are defined in the figure 

insert.  The orientational bond order parameters from the DMD model and the GROMACS 

simulations are in very close agreement.  The bond order parameters range from 

approximately 0.26 to 0.52 in Figure 2.8, indicating that the bonds in both the GROMACS 

and the DMD simulations are not very well ordered and have between a parallel and a 

completely-random alignment with the bilayer normal.  These bond order parameters are 

very similar to those calculated by Marrink and co-workers for a DPPC bilayer at a 

temperature of 323K; their values ranged from approximately 0.3 to 0.5.[(28)]  A direct 

comparison cannot be made between the LIME forcefield and the model developed by 

Marrink and co-workers because in LIME each alkyl tail of DPPC is represented by 5 coarse-

grained sites and in the Marrink model each alkyl tail of DPPC is represented by 4 coarse-

grained sites.   

As the temperature is cooled in our DMD system, the bilayer undergoes a phase 

transition from a liquid-crystalline phase to a tilted gel phase.  Experimentally, as a DPPC 

bilayer is cooled it also undergoes a phase transition from a liquid-crystalline phase to a tilted 

gel phase in which the lipid tails are tilted with respect to the bilayer normal.[(55),(56)] The 

tilted gel phase generally has a smaller area per lipid than in the liquid-crystalline phase and 

the lipid tails are straighter.[(56)]  The temperature at which a DPPC bilayer transitions from 

the liquid-crystalline phase to the gel phase is reported experimentally as 314.4K.[(57)] 

Three LIME/DMD simulations, each starting from a different configuration of a preformed 

DPPC bilayer composed of 128 lipids at T* = 0.77 and at constant volume in a box with 

dimensions of 64Å	  x	  64Å	  x	  90Å were run.  During each simulation the following cooling 



 

28 

procedure was implemented:  T* was decreased from 0.77 to 0.30 at a rate of 0.01 T*/million 

collisions and then maintained at 0.30 for 550 million collisions.  All properties were 

calculated using the last 100 million collisions that a bilayer was at T*=0.30.  Figure 2.9 

provides snapshots of a DPPC bilayer in a DMD/LIME simulation at (a) a reduced 

temperature of 0.77 where a liquid crystalline phase is observed and (b) a reduced 

temperature of 0.30 where a tilted gel phase is observed.  Figure 2.9c shows a cross-tilted gel 

phase, which we observe in some of our simulations but not in others.  We are currently 

investigating the conditions that lead to the tilted gel phase and the cross-tilted gel phase.  

We believe that the cooling rate may determine whether the tilted or cross-tilted gel phase is 

formed.  As the temperature of the DPPC bilayer is decreased the tails become more straight 

and rigid causing the bilayer thickness to increase from 35.7	  Å	  +	  0.3	  Å	  	  at	  T*	  =	  0.77	  to	  40.9	  

Å	  +	  1.0	  Å	  	  at	  T*	  =	  0.30.	  	  Consistent with our predictions, experimental observations also 

show that the bilayer thickness increases with decreasing temperature.  For example, the	  

experimental	  bilayer	  thicknesses	  at	  T=323K	  and	  T=293K	  are	  reported	  as	  38.3	  Å	  and	  

44.2	  Å,	  respectively.[(58)]	  	  We	  find	  that	  as	  the	  DPPC	  bilayer	  transitions	  to	  the	  gel	  phase,	  

the	  area	  per	  lipid	  decreases;	  e.g.	  the	  area	  per	  lipid	  at	  T* = 0.77 and T* = 0.30 was 63.3 Å2 

and 49.6 Å2 + 1.4 Å2, respectively.  The decrease in area per lipid with decrease in 

temperature agrees with experimental observations.  The experimental value of the area per 

lipid at T=323K and T=293K are 64.0	  Å2 and 47.9 Å2, respectively.[(58)]  These simulations 

were run at constant volume with box dimensions of 64Å	  x	  64Å	  x	  90Å.  At a T*=0.77 the 

bilayer spans the entire x-y plane.  As the bilayer is cooled it stops spanning the entire x-y 

plane because its area per lipid decreases.  A view of the bilayer from the top of the box 
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shows that the bilayer is present in only a small portion of the x-y plane.  The volume of the 

simulation box was constant with dimensions of 64Å	  x	  64Å	  x	  90Å	  as	  the	  bilayer	  was	  cooled	  

to	  T*=0.30.	  	  	  In	  our	  constant	  volume	  production	  run	  simulations,	  we	  adjusted	  the	  box	  

volume	  so	  that	  our	  bilayer	  would	  span	  the	  entire	  x-‐y	  plane	  throughout	  the	  simulation.	  	  

We	  did	  not	  adjust	  the	  box	  volume	  during	  the	  cooling	  simulations	  for	  the	  bilayer	  in	  the	  

interest	  of	  computational	  efficiency	  because	  this	  would	  have	  required	  us	  to	  constantly	  

change	  the	  box	  volume.	  	  In	  the	  future	  we	  plan	  to	  adjust	  the	  box	  volume	  during	  cooling	  

simulations.	  	  The tilted gel phase, which we observe in our LIME/DMD simulations is not 

usually observed in coarse-grained simulations.  For example, coarse-grained simulations 

performed by Marrink and co-workers and by Wang and Deserno also show the formation of 

untilted gel phase lipid bilayers.[(56),(59)]  However, atomistic simulations performed by 

Leekumjorn and Sum did show the formation of a tilted gel phase of DPPC.[(60)]  The 

question naturally arises as to why we had to go to such low reduced temperatures to observe 

the gel phase when it is typically reached experimentally at 314.4K [(57)] when the liquid 

crystalline phase is simulated at a temperature of 325K.  Our explanation is that the LIME 

epsilon values were only calculated at a temperature of 325K, which is equivalent to a 

LIME/DMD reduced temperature of 0.77 and that they were then assumed to be independent 

of temperature.  In the future, a multiscale modeling procedure may be used to determine the 

temperature dependence of the epsilons.  This would require data from atomistic simulations 

at various temperatures.   We speculate that once the temperature dependence of the epsilon 

values is incorporated into our DMD/LIME simulations, it will be unnecessary to reduce T* 

so dramatically to observe the gel phase. 	  
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The transbilayer movement of phospholipids from one leaflet to another, known as 

“translocation” or “flip-flop,” was measured during the DMD/LIME simulations.  

Translocation is thought to play an important role in numerous cellular processes including 

cell apoptosis and drug function.[(61)]  Unless protein-mediated, this lipid migration is 

thought to occur very slowly, with half-lives on the order of hours.[(61),(62),(63)]  We did 

not observe any flip flops in any of our simulations of lipid systems at T*=0.77.  However, 

when we performed a simulation of DPPC bilayer composed of 128 lipids at a slightly higher 

temperature, T*=0.85, we did see one flip flop.  Figure 2.10 shows snapshots of a lipid (in 

yellow) that flips from the bottom leaflet of the membrane to the top leaflet of the membrane 

during one of these simulations. Over the course of 1 billion collisions only one lipid 

successfully flipped from one leaflet to another.  It required approximately 19 million 

collisions for the lipid to complete the flip-flop.   

A	  comparison	  of	  the	  mass	  density	  profile	  of	  different	  coarse-‐grained	  types	  along	  

the	  bilayer	  normal	  between	  the	  LIME	  and	  GROMACS	  simulations	  is	  presented	  in	  Figure	  

2.11.	  	  The	  mass	  density	  profile	  is	  the	  mass	  per	  unit	  volume	  at	  a	  distance	  (z)	  from	  the	  

bilayer	  normal.	  	  Since	  the	  GROMACS	  simulation	  from	  which	  the	  mass	  density	  profile	  

was	  obtained	  used	  a	  bilayer	  consisting	  of	  128	  DPPC	  molecules,	  we	  ran	  a	  DMD/LIME	  

simulation	  on	  a	  bilayer	  consisting	  of	  128	  lipids.	  	  The	  LIME/DMD	  simulation	  was	  started	  

from	  a	  random	  initial	  configuration	  of	  128	  lipids	  and	  formed	  a	  defect	  free	  bilayer	  in	  1.1	  

CPU	  hours.	  	  The	  mass	  density	  distributions	  from	  the	  DMD/LIME	  simulation	  were	  taken	  

from	  conformations	  once	  the	  lipids	  had	  formed	  a	  defect	  free	  bilayer	  (after	  41	  million	  

collisions).	  	  The	  density	  profiles	  for	  the	  GROMACS	  simulations,	  were	  obtained	  by	  
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coarse-‐graining	  the	  GROMACS	  simulation	  result.	  	  The	  mass	  density	  profiles	  of	  the	  

GROMACS	  and	  LIME	  simulations	  closely	  align	  with	  each	  other	  in	  that	  peaks	  of	  the	  mass	  

density	  distributions	  for	  corresponding	  coarse-‐grained	  types	  are	  within	  2	  Å	  of	  each	  

other.	  	  	  	  	  

It is useful to compare LIME with other coarse-grained lipid models that have 

recently been described in the literature.  Most of the previously reported coarse-grained lipid 

models use continuous potentials, which are usually derived from atomistic or united-atom 

simulations to describe the forces between interacting sites.  For example, Wang and Deserno 

report the development of a POPC lipid model that is similar to LIME in that it coarse-grains 

molecules and treats solvent implicitly.[(35)]  In the Wang and Deserno model, each POPC 

molecule is represented by 16 coarse-grained sites that have one of 8 different types.  In 

contrast to LIME however, this model uses continuous potentials and an additional cohesive 

interaction potential between alkyl tails and interfacial head groups to drive lipid aggregation 

and to prevent the bilayer from falling apart.[(35)]  Another recently developed coarse-

grained model for lipids is that of Orsi and co-workers.[(32)]  This model was parameterized 

for DOPC, DOPE and DSPC lipids and represents all three lipids with 15 coarse-grained 

sites.[(32)]  Unlike LIME however, the Orsi model accounts for water explicitly and system 

electrostatics which allows the membrane dipole potential to be studied.[(32)]  The popular 

MARTINI force field, developed by Marrink and co-workers uses Lennard Jones potentials 

to describe the interactions between coarse-grained lipid sites.[(28),(29)]  In the MARTINI 

model, water is treated explicitly and DPPC is represented by 12 coarse-grained sites and 

each site is assigned one of 4 types.  This model was parameterized by systematically 
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reproducing partitioning free energies between polar and apolar phases of a large number of 

chemical compounds.[(29)]  In addition, the MARTINI force field allows charged groups to 

interact via an electrostatic Coulombic potential.[(28),(29)]  In comparison, the current 

version of LIME does not include any additional forces for charged particles.  LIME 

accounts for strong and weak attraction between sites by adjusting the depth of the square-

well potential appropriately.    Similar to other models LIME is parameterized from 

simulations and reproduces the spontaneous formation of a lipid bilayer and the formation of 

a gel phase with a decrease in temperature.  In addition, the bilayer thickness, area per lipid 

and orientational bond order parameters closely agree with experimental values.   

2.4 Conclusion 
 

We described the development of LIME, an intermediate-resolution, implicit-solvent, 

coarse-grained model for phospholipid molecules designed for use with discontinuous 

molecular dynamics.  In LIME, each of the 14 coarse-grained sites that make up a DPPC 

molecule are assigned one of 6 different types:  the choline entity, the phosphate group, each 

ester group, each alkyl tail group and each terminal tail group.  The “LIME” parameters were 

obtained using a multiscale modeling approach in which the geometric and energetic 

parameters were calculated from data collected from GROMACS simulations of a system 

composed of 30 DPPC molecules.  A one-step Boltzmann inversion approach, which is a 

simplified version of the iterative Boltzmann inversion scheme, was used to calculate the 

depth of square well interactions in the model. 
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The physical properties of a DPPC bilayer, which formed spontaneously in each of 5 

LIME/DMD simulations that started from a different random configuration, accurately match 

experimental values. The area per lipid of the bilayer is within 2% of the experimentally 

reported value.  The bilayer thickness is within 4-8% of the range of error of the value 

calculated from the GROMACS simulation data and within approximately 5-7% of the 

experimental value.  The bond order parameter values calculated from the LIME/DMD 

simulations and the GROMACS simulation are in very good agreement.  LIME also 

reproduces the transbilayer movement of lipids. This phenomenon, which is, found to occur 

infrequently experimentally was observed only once in a total of 2 billion collisions.  The 

phase transition of a DPPC bilayer from a liquid-crystalline phase to a tilted gel phase was 

also simulated.  As the DPPC bilayer was cooled from a liquid-crystalline phase to a gel 

phase the area per lipid decreased and the bilayer thickness increased which is the trend that 

is observed experimentally. 

LIME has one distinctive characteristic compared to the other implicit solvent coarse-

grained lipid models:  its speed. One of the main advantages of combining coarse-graining 

with discontinuous molecular dynamics is the reduction in the computational time required to 

simulate systems of lipid molecules.  The use of discontinuous molecular dynamics greatly 

enhances the speed of the simulations because calculations are required only when particles 

experience an event, as opposed to the calculations in traditional molecular dynamics that are 

required to determine the net force of every particle in a system at each time step.  Therefore, 

our LIME model paired with discontinuous molecular dynamics enhances our ability to look 

at long time scale phenomena without sacrificing the ability to observe many of the essential 
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features observed at the atomistic scale (e.g. bilayer formation, phase transition, lipid 

translocation).  In LIME the spontaneous formation of a bilayer composed of 256 lipids 

requires less than 4 CPU hours (Intel Xeon E5520 2.27GHz).  

While the LIME/DMD approach has many advantages for simulating lipid self 

assembly it does have the following limitations:  (1) treating solvent implicitly prevents 

diffusion and hydrodynamics from being taken into account, (2) approximating interactions 

with hard and square-well spheres forces the particles to interact sequentially rather than 

simultaneously as they do when the net force on each particle is calculated in traditional 

molecular dynamics, (3) a direct correlation can only be made between the temperature at 

which LIME was parameterized and its corresponding reduced temperature.  Although we 

cannot correlate reduced temperatures other than T* = 0.77 with a real temperature, we do 

reproduce the experimentally observed phase transition of a bilayer by decreasing the 

reduced temperature in our simulations. In addition to these limitations, LIME also lacks an 

explicit representation of electrostatics.  This means we do not account for the very long-

range portion of the electrostatic interactions, although we do account for its short range 

effects. Long range effects are known to play an important role in biomolecular 

systems.[(64)]  We do however, account for electrostatic interactions implicitly during the 

parameterization process.  Another limitation of LIME is that it does not measure real time 

during a simulation.  Therefore, we cannot determine exactly how long in real time units it 

took for the DPPC bilayer to form, or for the lipid flip flop to occur.  However, if the amount 

of time that it takes for a certain event to occur is known, the time scale of the DMD/LIME 

simulation could be approximated.  Finally, we will address the use of constant volume in 



 

35 

our DMD/LIME simulations.  The use of constant volume conditions in this work means that 

we do not allow the system to adjust its volume to the condition most favorable to the 

formation of bilayers. This leads to phenomena such as the large hole in the bilayer that we 

see in Figure  6a. We have gotten around this problem by performing test runs at a number of 

different volumes to see which volume sustains a defect-free bilayer. A more rigorous 

approach would be to perform the simulations at constant pressure, adjusting the volume as 

part of the simulation to find the state with the minimum free energy.  To do this we would 

need to perform hybrid Monte Carlo—DMD simulation in which the volume change moves 

are made with Monte Carlo and particle displacement  moves are made with DMD, as we 

have done in earlier work on chainlike systems.[(65),(66)]  This would however slow down 

the code. We are considering this for future work.  
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2.6 List of Tables 
 

Table 2.1:  The type, number of atoms, and mass for all of the coarse-grained sites in the 
LIME representation. 
 

CG Site CG Type Atoms per CG Type Mass of CG Type (amu) 

1 I C5H13N 87.2 

2 II PO4 95.0 

3 III C3HO2 71.1 

9 IV C2H2O2 58.0 

4 – 7, 10 – 13 V C3H6 42.1 

8, 14 VI C3H7 43.1 
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Table 2.2:  The hard sphere diameters, square well widths and interaction energy for each 
pair of coarse-grained type. 

 
Coarse-grained 

Type i 
Coarse-grained 

Type j 
σHS ij 
(Å) 

λij
 

(Å) 
εij

 

(eV) 

1 1 4.35 12.65 -0.065 
1 2 3.85 9.85 -0.070 
1 3 3.85 9.95 -0.050 
1 4 3.75 10.25 -0.047 
1 5 4.15 8.00 0.000 
1 6 4.15 8.00 0.000 
2 2 4.05 12.15 -0.080 
2 3 3.45 13.05 -0.048 
2 4 3.35 12.35 -0.030 
2 5 3.75 8.15 0.000 
2 6 3.65 6.40 0.000 
3 3 3.65 10.45 -0.037 
3 4 3.25 9.95 -0.036 
3 5 3.65 10.53 -0.022 
3 6 3.55 7.70 -0.015 
4 4 3.15 11.65 -0.035 
4 5 3.45 11.43 -0.026 
4 6 3.45 10.85 -0.023 
5 5 3.75 11.56 -0.050 
5 6 3.75 11.66 -0.054 
6 6 3.65 11.02 -0.070 
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Figure 2.1:  (a) United atom and (b) coarse-grained representation of DPPC. The color 
scheme is; purple (choline entity – type I for site 1); yellow (phosphate group – type II for 
site 2); red (ester group – type III for site 3); orange (ester group – type IV for site 9); cyan 
(alkyl tail groups – type V for sites 4-7 & 10-13); green (terminal tail groups - type VI for 
sites 8&14).  The coarse-grained site size does not represent the actual size of each site.   
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Figure 2.2:  A schematic of the approach used to calculate the LIME interaction energies for 
two coarse-grained types:  (a) the radial distribution function is calculated (b) the one-step 
Boltzmann inversion scheme is used to calculate the potential of mean force by inverting the 
RDF; ε is chosen as the minimum U(r) value (blue line); the depth of the square well 
potential or the interaction energy is assigned the ε value (red line) 

 
 

 

 

Figure 2.3:  A radial distribution function for sites 1 & 1 obtained during a LIME simulation.  
The first non-zero value is located at the hard sphere diameter (4.75 Å) and the small 
discontinuity is located at the square-well width (12.55 Å).  The shape of the radial 
distribution function differs significantly from the shape of a distribution function associated 
with a more traditional Lennard Jones potential.  
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Figure 2.4:  (a) The intermolecular radial distribution functions, hard-sphere diameters (σHS) 
and square-well diameters (λ) for coarse-grained types 1 & 1, 1 & 2, and 5 & 5. 
 

 
 

 

Figure 2.5: The intramolecular bond distribution functions, minimum bond lengths (σMIN) 
and maximum bond lengths (σMAX) for coarse-grained types 1 & 2, 3 & 5, and 5 & 6   
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Figure 2.6:  Snapshots of the areal view of a DPPC bilayer formed from 256 lipids in a box 
with dimensions of 100Å x 100Å x 100Å (a) and in a box with dimensions of 90Å x 90Å x 
90Å (b) 
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Figure 2.7:  Snapshots from a simulation of DPPC spontaneous bilayer formation.  The color 
scheme is:  purple (choline entity – type I); orange (phosphate group – type II); red (ester 
groups – type III and type IV); cyan (alkyl tail groups – type V and type VI).  (a) – (f) = 0, 
15, 50, 100, 125 and 150 million collisions, respectively.  The system is started from a 
random configuration (a) and aggregates in only 50 million collisions (d).  An additional 100 
million collisions are required for the aggregate to adopt the conformation of a defect-free 
bilayer (h).   
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Figure 2.8:  Comparison of the orientational bond order parameter SBOND for intra-molecular 
bonds in LIME/DMD (green line) and GROMACS simulations (blue line) versus the bond 
number:  the latter is defined in the inset. 

 
 
 

 

Figure 2.9:  Snapshots of a lipid bilayer in DMD/LIME as the system temperature is cooled 
from (a) a liquid-crystalline phase at T* = 0.77, (b) a tilted gel phase at T* = 0.30 and (c) a 
cross-tilted gel phase which is only observed in some simulations.   
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Figure 2.10:  Snapshots of a lipid (spherical representation) as it flips from the bottom leaflet 
of a bilayer to the top leaflet.  The tail beads of the lipid that flips are highlighted in yellow 
and the head beads are highlighted in lime.  (a) – (c) = 866, 883, 885 million collisions, 
respectively. 
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Figure 2.11: Mass density distribution of coarse-grained sites in DMD/LIME simulations 
(dotted lines) and GROMACS simulations (solid lines) versus the distance from the bilayer 
center (z = 0 Å). 

 



 

49 

CHAPTER 3 

The Extension of LIME to Model the Phase Separation Behavior of Mixed Lipid 
Systems at Neutral and Low pH 

 

3.1 Introduction 
 

Phospholipids are amphiphilic molecules that spontaneously form bilayers in aqueous 

solution to minimize the interaction between their hydrophobic tails and to maximize the 

interaction between their hydrophilic heads.  In recent years, scientists have been working to 

exploit the tunable properties of mixed lipid systems for a range of applications including 

imaging [1], biosensors [2,3], and membrane trafficking [4,5].  In particular, mixed lipid 

systems are being used as novel liposomal delivery carriers for drugs [6,7], vaccines [8], 

genes [9,10] and antimicrobial agents[11,12]. While scientists have successfully 

demonstrated that liposomal formulations improve drug efficacy [13,14], research efforts are 

still dedicated to optimizing their structure and function.  For example, Karve and co-workers 

showed that liposomes composed of mixed lipid membranes could become permeable to 

encapsulated drug molecules in response to a decrease in pH.[15] Mixed lipid systems are 

also being used to create temperature-sensitive liposomes that can rapidly and efficiently 

release drug molecules in response to heat.[16,17,18,19]  In order to fully realize the 

potential of these new technologies, a better understanding of the structure and interactions 

between lipids on a molecular level at various physiological conditions is needed.  This 

would enable researchers to design and develop liposomes with optimal properties to release 

drug molecules in response to specific stimuli.  An approach commonly used to gain insight 

into the behavior of such systems on a molecular level is computer simulation.   
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In a previous paper we demonstrated how computer simulations of lipid systems can 

complement experimental work by providing detailed molecular-level information regarding 

their dynamics and self-assembly.[20]  In that work we introduced LIME (Lipid Intermediate 

Resolution Model), a new implicit solvent lipid force field for use with discontinuous 

molecular dynamics (DMD), that enabled the rapid simulation of 1,2-dipalmitoyl-sn-glycero-

3-phosphocholine (DPPC) lipids in water. The structural properties of the DPPC bilayer 

formed during our LIME/DMD simulations including the area per lipid, bilayer thickness, 

bond order and mass density profiles were in agreement with experimental observations or 

atomistic simulation results. 

In this paper we take a multiscale modeling approach to expand LIME to include 

parameters for:  (1) 1,2-dipalmitoyl-sn-glycero-3-phosphocholine (DPPC), (2) 1,2-

dihenarachidoyl-sn-glycero-3-phosphocholine (21PC), and (3) 1,2-distearoyl-sn-glycero-3-

phospho-L-serine (DSPS) at 310K.  DPPC and 21PC are essentially the same; they both have 

a choline headgroup and differ only in the lengths of their alkyl tails.  We demonstrate how 

discontinuous molecular dynamics (DMD) simulations with this expanded LIME forcefield 

can be used to model the behavior of lipid systems containing large numbers of DPPC, 

DSPS, and 21PC and mixtures of these lipids over long time scales at a neutral pH and at a 

pH of 5.5.  Throughout this paper we define a neutral pH as 7.0 – 7.4 and low pH as pH < 

5.5.  We show that LIME/DMD simulations can be used to study the phase separation of 

mixed lipid systems into heterogeneous domains on a molecular level.   

 A number of different approaches to modeling mixed lipid systems with simulations 

have been described in the literature.  Various levels of detail are used in these models, which 
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can be divided roughly into two categories:  high-resolution and low-resolution models.  

High-resolution or atomistic models are based on a realistic representation of membrane 

geometry and energetics and typically account for the motion of every atom including every 

solvent atom.  Jiang and co-workers performed GROMACS [21] atomistic simulations on 

bilayer ribbons containing dimyristoylphosphatidylcholine (DMPC), 

dihexanoylphosphatidylcholine (DHPC) and didecanoyl PC (DDPC) to investigate how each 

species partitions between the flat and curved microenvironments of the bilayer and the role 

DHPC plays in stabilizing the bilayer edge.[22]   In another study, Hall and co-workers 

performed atomistic molecular dynamics simulations to investigate the role of  glycolipids in 

lipid rafts; systems of galactosylceramide (GalCer), cholesterol (CHOL), palmitoyloleoyl 

phosphatidylcholine (POPC) and palmitoyl-sphingomyelin (PSM) were simulated using 

GROMACS.[23]  Addition of GalCer increased the thickness of the raft membranes and 

induced changes in the lateral diffusion of raft lipids, but did not influence the average area 

per lipid or the lipid conformation order.[23]  In another atomistic simulation, Pandit and co-

workers studied mixed bilayers containing a 5:1 ratio of DPPC and DSPS in NaCl electrolyte 

solutions to learn how DPPC and DSPS interact to form complexes.[24]  GROMACS was 

used to perform all simulations based on force field parameters from the work of Berger.[24]  

These simulations showed that NH���O and CH���O hydrogen bonding between lipids 

serves as the basis of interlipid complexation and that DPPC alone is less likely to form 

interlipid complexes than in the presence of bound ions or DSPS.[24] 

 Low-resolution models, which are based on a simplified representation of molecular 

geometry and energetics, have also been used to study the behavior of mixed lipid systems.  
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For example, Illya and co-workers developed a low-resolution model designed for use with 

dissipative particle dynamics simulations to study the domain formation and the material 

properties of a two-component amphiphile bilayer membrane.[25]  In this solvent-explicit 

model the amphiphile geometry was chosen to represent the general shape of a typical 

phospholipid.  The amphiphile H3(T6)2  was represented by 3 head spheres and 2 tails each 

composed of 6 spheres,  and the amphiphile H3(T8)2 was represented by 3 head spheres and 2 

tails each composed of 8 spheres.[25]  The interaction parameters for the amphiphiles were 

chosen to mimic the properties of lipid membranes, not calculated from atomistic simulations 

of amphiphiles.[25] The authors calculated the area stretch modulus and bending rigidity of 

the mixed amphiphilic bilayers and vesicles but could not compare their results directly to 

any experimental observations on a specific lipid mixture since the amphiphiles did not 

represent any specific lipids.    

 Another way to model mixed lipid systems in simulations is to use intermediate-

resolution (coarse-grained) models, which represent the geometry and energetics of lipids at 

a level of detail that is in between high resolution and low resolution models.  This allows for 

the simulation of specific lipids while requiring shorter simulation times than atomistic 

models. In coarse-grained models a single interaction site represents several atoms.  This 

reduces the total number of sites whose trajectories must be calculated and helps to increase 

the speed of the simulation.  One example of an intermediate-resolution explicit-solvent 

model is that of Faller and Marrink.[26]  In this model, distearoylphosphatidylcholine 

(DSPC) and dilauroylphosphatidylcholine (DLPC) are represented by 14 and 10 coarse-

grained sites, respectively.  The coarse-grained sites interact via a Lennard Jones potential 
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and a Colulomb interaction is used to model electrostatics.[26]  Lipid mixtures composed of 

DLPC and DSPC were simulated to study the phase separation that occurs between these two 

lipids at phase transition temperatures such that the longer lipid enters the gel phase and the 

shorter lipid remains in the fluid phase.[26] Simulations were performed using GROMACS 

with the interaction parameters previously described by Marrink and co-workers [27].  All 

simulations were started from a bilayer composed of randomly assigned DSPC and DLPC 

lipid.  Results showed that the higher the ratio of the number of longer lipid (DSPC) to the 

number of shorter lipid (DLPC), the higher the gel-fluid transition temperature.   In another 

intermediate resolution, explicit-solvent model, Risselada and Marrink performed 

simulations of the spontaneous separation of a randomized mixture composed of dipalmitoyl-

phosphatidylcholine (diC16-PC), dilinoleyl-phosphatidylcholine (diC18:2-PC) and cholesterol 

into a liquid-ordered and a liquid-disordered phase.[28]  Simulations of a planar membrane 

composed of approximately 2000 lipid molecules and a liposome composed of 

approximately 3000 lipid molecules were performed.  In this model, on average, 4 heavy 

atoms were represented by a single coarse grained site and approximately 3 heavy atoms 

were used to represent the rings in cholesterol.[28] The simulations were performed with the 

GROMACS simulation package and the MARTINI CG force field, version 2.0.[29]     

Intermediate resolution implicit-solvent models of mixed lipid systems have also been 

described in the literature.  For example, Lu and Voth used a multiscale coarse-graining 

approach to develop a solvent-free coarse-grained model for a mixed bilayer composed of 

dioleoylphosphatidylcholine (DOPC) and dioleoylphosphatidyethanolamine (DOPE).[30]  In 

this model DOPC and DOPE are each represented by 15 coarse-grained sites.  The results of 
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the multiscale coarse-grained model, including radial distribution functions, bilayer thickness 

and order parameters, show good agreement with atomistic results.[30] 

 Our motivation for studying DPPC/DSPS and 21PC/DSPS lipid systems is 

experimental work by Sofou and co-workers aimed at developing liposome-based drug 

delivery devices for the treatment of cancer.[31,32]    They examined the phase separation 

behavior of pH-triggered liposomes composed of cholesterol and two different types of 

phospholipids: 21PC phospholipids, which have a neutral headgroup at both neutral (pH 7.4 

– 7.0) and endosomal pH (pH 5.5 – 5.0), and DSPS phospholipids which have a negatively 

charged headgroup at neutral pH and a neutral headgroup at endosomal pH.[31,32]    They 

showed that at neutral pH the vesicles were much less permeable to encapsulated drug 

molecules than at endosomal pH.  At endosomal pH, the cholesterol, 21PC and DSPS lipids 

allowed much more of the encapsulated drug molecules to leak out of the liposome than at 

neutral pH.  This observation forms the basis of Sofou and coworkers proposed liposomal-

based drug delivery scheme in which liposomes composed of cholesterol, 21PC and DSPS 

are used to transport cancer drugs throughout the body at neutral pH.  When the liposomes 

reach the endosome in cancer cells, the decrease in pH triggers the formation of 

heterogeneous domains and the encapsulated drug molecules leak out.[31,32]  Sofou’s pH 

tunable liposomes have additional features including antibodies to target cancer cells. 

 In addition to studying the phase separation behavior of liposomes composed of 

cholesterol, 21PC and DSPS, Sofou and co-workers also studied liposomes composed of 1,2-

dioleoyl-sn-glycero-3-phosphocholine (DOPC) and DSPS with and without cholesterol.[33]  
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They found that liposomes composed of DOPC, DSPS and cholesterol had a higher level of 

phase separation at a pH of 5.0 than at a pH of 7.0.  In contrast, liposomes composed of 

DOPC and DSPS without cholesterol had the same level of phase separation at pH values of 

7.0, 6.0 and 5.0.  Sofou and co-workers did not perform any experiments on liposomes 

composed of DPPC/DSPS or 21PC/DSPS without cholesterol.  Since the simulations 

presented here are essentially a proof of concept study to see if LIME/DMD can predict 

phase separation in mixed lipid systems, we chose to model the simplest possible mixed 

liposomes that were close to the experiments of Sofou and co-workers on DPPC/DSPS or 

21PC/DSPS liposomes.  For this reason we did not include cholesterol.  

 In this paper, we describe the expansion of “LIME”, the implicit-solvent, coarse-

grained model previously used to simulate the spontaneous formation of DPPC bilayers at 

325K, to DPPC, 21PC, and DSPS lipids at 310K.[20]  We analyze the extent of phase 

separation that occurs during simulations at both neutral and low pH in DPPC/DSPS and 

21PC/DSPS bilayers containing 128 lipids with equimolar ratios.  We also study the phase 

separation that occurs at low pH during simulations of DPPC/DSPS and 21PC/DSPS bilayers 

containing 128 lipids and molar ratios of 0.25:0.75and 0.75:0.25.  Finally, we simulate the 

behavior of both DPPC/DSPS liposomes and 21PC/DSPS liposomes containing 30 

doxorubicin drug molecules at low pH and molar ratios of 0.5:0.5. The LIME geometrical 

and energetic parameters for DPPC, 21PC and DSPS at low pH and 310K are calculated 

using a multi-scale modeling approach based on evaluating radial distribution functions 

obtained from an atomistic simulation of a fully hydrated bilayer composed of 64 DPPC 

lipids and 64 protonated DSPS lipids performed with the GROMACS simulation package 
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and the GROMOS96 53a6 forcefield.[21,34,35]  The same method is used to extract 

parameters at neutral pH; the only difference is that the DSPS lipids are unprotonated. 

 Highlights of our results include the following:  LIME/DMD simulations of bilayers 

composed of either DPPC/DSPS or 21PC/DSPS show similar phase separation rates at both 

neutral and low pH.  This observation is supported by experimental data from the Sofou lab 

on the phase separation rates for liposomes composed of DOPC and DSPS at a pH of 5.0, 6.0 

and 7.0.[33]  Our simulation results on equimolar bilayers show the following. 21PC/DSPS 

bilayers separate slightly faster at low pH than at neutral pH, but DPPC/DSPS bilayers 

separate at approximately the same rate at neutral and low pH. 21PC/DSPS bilayers separate 

slightly faster than equimolar DPPC/DSPS bilayers. Low pH DPPC/DSPS bilayers without 

any surface area restrictions separate faster than those with restrictions but surface area 

restrictions on equimolar low pH 21PC/DSPS bilayers did not affect the separation rate.   

Simulations of DPPC/DSPS and 21PC/DSPS bilayers with different molar ratios of PC:PS 

lipids showed that the higher the concentration of PS lipids, the faster the separation rate.    

Simulations of DPPC/DSPS and 21PC/DSPS liposomes containing doxorubicin showed 

domain formation in both types of liposomes. However, no drug molecules escaped from 

either type of liposome after 1.5 billion collisions.  

3.2 Methods and Model 
 

In LIME 10 different coarse-grained types (I to X) are used to represent the groups of 

atoms that make up the DPPC, 21PC and DSPS molecules.  DPPC and 21PC are similar 

lipids in that they have the same polar head group and differ only in the lengths of their alkyl 
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tails.  They are each composed of a polar head group that includes a choline, phosphate and 

two ester linkages, and two nonpolar hydrophobic acyl tails. DSPS is composed of a head 

group that includes a carboxyl, amine and phosphate group and two ester linkages, and two 

nonpolar hydrophobic acyl tails.  At a neutral pH, the net charge carried by the DSPS head 

group is negative.  This negative charge causes electrostatic repulsion between the DSPS 

lipids which forces them to be distributed evenly throughout a bilayer membrane or 

liposome.[31]  At a pH of approximately 5.5[33], the carboxyl group on DSPS becomes 

protonated and loses its negative charge.  When the DSPS molecules lose their negative 

charge the electrostatic repulsion between these lipids stops preventing them from 

interacting, allowing them to form hydrogen bonds between their protonated amino groups 

and deprotonated phosphate groups on the head groups.[31,36]  Therefore, at a low pH, 

DSPS lipids have a very strong attraction for each other.  Figure 3.1 shows the structure of 

(a) a DPPC lipid, and (b) a DSPS lipid at a neutral pH.  At a low pH the oxygen atom that is 

circled becomes protonated.  
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Figure 3.1:  Structure of (a) DPPC and (b) DSPS at a neutral pH.  At a low pH the oxygen 
atom in the dotted circle  becomes protonated.   
 
 

Figure 3.2 illustrates the coarse-graining of: (a) a DPPC molecule from 50 united-

atoms to 14 coarse-grained sites, (b) a 21PC molecule from 60 united atoms to 18 coarse-

grained sites, and (c) a DSPS molecule from 57 united-atoms to 17 coarse-grained sites.  In 

LIME, each coarse-grained site is assigned a different coarse-grained type, which is 

represented by a unique color.  This figure and all other figures depicting lipid molecules 

throughout the paper were generated with Visual Molecular Dynamics (VMD).[37] Type I 

(purple) represents the choline entity on DPPC and 21PC. Type II (yellow) represents the 

phosphate groups on DPPC and 21PC.  The phosphate group on DSPS is represented by type 

IX (yellow); this is a different type than the phosphate groups on DPPC and 21PC because 

the energy parameters calculated for this coarse-grained site were significantly different from 

those calculated for the DPPC and 21PC phosphate groups.  Ester coarse-grained sites are 

assigned types III (red) and IV (orange), respectively.  Two coarse-grained types for the ester 

are needed because coarse-grained III has one more carbon and hydrogen atom than coarse-
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grained type IV.  Coarse-grained type V (cyan) is used to represent the tail sites (each 

contains 3 carbons and 6 hydrogens) of DPPC, 21PC and DSPS.   Coarse-grained type VI 

(lime) is assigned to the terminal tail group of DPPC representing 3 carbon and 7 hydrogen 

atoms and coarse-grained type X (gray) is assigned to the terminal tail groups of 21PC and 

DSPS representing 2 carbon and 5 hydrogen atoms.  Coarse-grained type VIIa (black) is used 

to represent the unprotonated carboxyl head group and type VIIb (black) is used to represent 

the protonated carboxyl head group at DSPS site 1.  Table 3.1 lists the atoms included in 

each coarse-grained site, the type assigned to each coarse-grained site and the mass of each 

coarse-grained site.   
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Figure 3.2:  United atom and coarse-grained representations of (a) DPPC. (b 21PC.  (c) 
DSPS.  The color scheme is; purple (choline entity – type I for DPPC site 1 and 21PC site 1); 
yellow (phosphate group – type II for DPPC site 2, 21PC site 2); red (ester group – type III 
for DPPC site 3, 21PC site 3 and DSPS site 4); orange (ester group – type IV for DPPC site 
9, 21PC site 11 and DSPS site 11); cyan (alkyl tail groups – type V for DPPC sites 4-7 & 10-
13, 21PC sites 4-9 & 12-17 and DSPS sites 5-9 & 12-16); green (terminal tail groups – type 
VI for DPPC sites 8&14); black (negatively charged carboxyl group – type VII a and 
protonated carboxyl group – type VII b for DSPS site 1); magenta (amine group – type VII 
for DSPS site 2); yellow (phosphate group – type IX for DSPS site 3); grey (terminal tail 
groups – type X for 21PC sites 10&18 and DSPS sites 10&17).  The protonated carboxyl 
group located at DSPS site 1 (not shown) is assigned type VIII.   
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Table 3.1:  The type, number of atoms, and mass for all of the coarse-grained sites in the 
LIME representation. 

 

CG Type CG Type 
Color CG Site Atoms per  

CG Type 

Mass of  
CG Type 
(amu) 

I Purple DPPC 1, 21PC 1 C5H13N 87.2 
II Yellow DPPC 2, 21PC 2 PO4 95.0 
III Red DPPC 3, 21PC 3, DSPS 4 C3HO2 71.1 

IV Orange DPPC 9, 21PC 11, DSPS 
11 C2H2O2 58.0 

V Cyan 
DPPC 4-7&10-13 
21PC 4-9&12-17 
DSPS 5-9&12-16 

C3H6 42.1 

VI Lime DPPC 8&14 C3H7 43.1 
VII a Black DSPS 1 CO0- 44.0 
VII b Black DSPS 1 COOH 45.0 
VIII Magenta DSPS 2 C2H3NH3 44.1 
IX Yellow DSPS 3 PO4 95.0 

X Gray 21PC 10&18, DSPS 
10&17 C2H5 29.1 

 

 

The simulation method used in this paper is the discontinuous molecular dynamics 

(DMD) algorithm, which is a very fast alternative to traditional molecular dynamics 

simulation that is applicable to systems of molecules interacting via discontinuous potentials, 

e.g., hard-sphere and square-well potentials.[38,39]  For this reason, all of the inter- and 

intra- molecular interactions in our lipid model are represented by a combination of hard-

sphere and square-well potentials, as opposed to the Lennard Jones, Coulombic and harmonic 

potentials found in traditional molecular dynamics simulations.  A hard sphere is an 

impenetrable, solid sphere; a square-well is a hard sphere surrounded by an attractive well.  
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Expressions for the hard sphere (HS) and square well (SW) potentials between spheres i and j 

are, respectively: 

    Equation 1 

   Equation 2 

 

where r is the distance between spheres, σij is the hard sphere diameters, λij is the well 

diameter and εij is the well depth.  These parameters define the strength of the interaction 

between the coarse-grained spheres.  Unlike continuous potentials, such as the Lennard-Jones 

potential, discontinuous potentials exert forces only when particles collide.  This makes the 

simulation an efficient event-scheduling algorithm, which allows sampling of longer time 

scales and larger systems than traditional molecular dynamics.   

A DMD simulation proceeds in the following way.  Molecules are initially placed in a 

random configuration consistent with excluded volume and angular constraints.  Initial 

velocities are assigned based on a Maxwell-Boltzmann distribution about the desired 

simulation temperature.  Particle trajectories are followed by calculating the time between 

each collision and advancing the simulation to the next event.  Types of events include a 

collision between two hard spheres, a bond event when the distance between two bonded 

spheres reaches a minimum or maximum limit, and square well events when two spheres 

enter (capture), unsuccessfully attempt to escape (bounce) or successfully leave 

(dissociation) a square well.[38,39,40,41]   
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In all LIME/DMD simulations the simulation temperature is expressed in terms of the 

reduced temperature T*: 

T*= kBT/ε*   Equation 3 

where kB is Boltzmann’s constant, T is the temperature, and ε* is the reference interaction 

strength.[42]  The reference interaction strength, ε*, was calculated using: 

ε*=
nijεij

ij
∑

nij
ij
∑  Equation 4 

where nij is the total number of pairs of coarse-grained sites of type i (on one molecule) and 

type j (on another molecule) and εij is the interaction energy between coarse-grained types i 

and j.  The neutral and low pH εij values were obtained from separate GROMACS 

simulations at neutral and low pH at T=310K.  The resulting value for ε* calculated from 

Equation 4 was 0.033 for both the neutral and low pH GROMACS simulations.  Therefore, 

when T*=kBT/ε*=(8.6173x10-5eV/K)*(310K)/(0.033eV) = 0.8 in our neutral and low pH 

DMD/LIME simulations, the lipid molecules behave as they would at a real temperature of 

310K.  In our previous work, LIME/DMD simulations at a value of T*=0.8 corresponded to 

a real temperature of 325K because the GROMACS simulations were performed at 

325K.[20]  In this work,  T* = 0.8 corresponds to 310K because we are using interaction 

energies obtained from a GROMACS simulation at 310K.  Thus, these interaction energies 

are different than those used in our previous work.  The temperature is maintained constant 

using the Andersen thermostat, which uses ghost collisions with randomly selected particles 
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in the system to maintain the Maxwell-Boltzmann velocity distribution about the desired 

temperature.[43]  Periodic boundary conditions are employed for all DMD/LIME 

simulations.  In this work, all the simulations were performed in the canonical ensemble 

(NVT).   

The coarse-grained parameters in LIME were obtained using a multiscale modeling 

technique.  Multiscale modeling is a method in which several atoms are grouped into a single 

coarse-grained site and the parameters used to represent the behavior of this coarse-grained 

site are extracted from atomistic simulations.  Data used to calculate the LIME parameters 

was obtained by running united-atom explicit-solvent simulations at T=310K using the 

GROMACS simulation package [1,21] version 4.5.4 along with the GROMOS96 53a6 [34] 

forcefield.  Since the Sofou Lab conducts experiments at 310K to study how liposomes 

would behave in the body, we parameterized our model from GROMACS simulations at 

310K.  The Kukol DPPC3 topology [35] was used to model DPPC in all GROMACS 

simulations.  In this topology, the partial charges for the lipid head group are taken from Chiu 

et al. [44], who calculated these values using the GAUSSIAN 92 program.  The DSPS 

topology used to model DSPS in all GROMACS simulations was based on the Kukol DPPC3 

topology.  For DSPS at a neutral pH, the partial charges of the phosphatidylserine 

headgroups were replaced by the partial charges calculated by Pandit and Berkowitz with 

Gaussian 98.[45] DSPS molecules protonated at their terminal carboxyl sites, were used in 

all low GROMACS simulations.  The partial charges of the protonated carboxyl group on the 

DSPS molecule were obtained using GAUSSIAN 09.[46]   



 

65 

The LIME low pH intermolecular σij, λij, and εij between coarse-grained types I-VI, 

VIIb and VIII-X were obtained by analyzing results from a low pH GROMACS simulation 

of a mixed bilayer composed of 64 DPPC lipids and 64 DSPS lipids in explicit solvent. The 

neutral pH intermolecular values for σij, λij, and εij between coarse-grained types I-VI, VIIa 

and VIII-X were calculated from a neutral pH GROMACS simulation composed of 64 DPPC 

lipids and 64 non-protonated DSPS lipids.  Since the neutral pH σij values were not 

significantly different than the low pH σij values, we decided to use the low pH σij values for 

simulations at both pH values.  Overall, the neutral pH and low pH λij, and εij values were 

similar, however, there were several coarse-grained types for which these parameters varied 

by more than 25%.  For this work we decided to use the low pH λij, and εij values calculated 

from the low pH GROMACS simulation for low pH LIME/DMD simulations The neutral pH 

λij, and εij values calculated from the neutral pH GROMACS simulation were used for the 

neutral pH LIME/DMD simulations.  Each GROMACS simulation was started from an 

initially homogeneous bilayer in a box with dimensions of 64 Å x 64 Å x 90 Å and was run 

at a temperature of 310K and a pressure of 1.0 bar for 20 ns.  Throughout both the neutral 

and low pH simulations the bilayers remained intact. There was no evidence of phase 

separation between the two different lipids likely because the simulation time scale is short to 

the time scale for phase separation. The net charge of all GROMACS simulations was 

neutralized with the addition of NaCl.  The Berendsen thermostat[47] was used to keep the 

temperature constant with a time constant of 0.1 ps.  Throughout each GROMACS 

simulation the coordinates of each atom were written to an output trajectory file every 1 ps.  

These output files were used to calculate the centers of mass for each of the coarse-grained 
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sites.  The LIME intramolecular σij, λij, and εij values were set to the same values as the 

intermolecular values. 

The multiscale modeling procedure that we used to obtain the new LIME parameters 

for DPPC, 21PC and DSPS is described in detail in our previous work.[20] In this multiscale 

modeling procedure the LIME parameters are calculated from data collected from the 

GROMACS simulations.  The depth of square well interactions is calculated using a one-step 

Boltzmann inversion approach.  

The minimum and maximum bond lengths in LIME were also determined from the 

GROMACS simulation data.  The minimum bond length (σMIN) was chosen as the smallest 

possible distance between two bonded coarse-grained sites.  The maximum bond length 

(σMAX) between coarse-grained sites was chosen as the largest possible distance for which a 

non-zero g(r) was observed.  The distribution of σMIN and σMAX values for each set of coarse-

grained types was evaluated and the most restrictive σMIN and σMAX was selected for each 

pair of coarse-grained types.  The most restrictive σMIN and σMAX  permitted the smallest 

amount of bond fluctuation for a pair of coarse-grained types.  The bond and pseudobond 

values calculated from the neutral pH GROMACS simulations were very similar to those 

calculated from the low pH GROMACS simulations.  Therefore, we choose to approximate 

the σMIN and σMAX values for interactions between coarse-grained types at a neutral pH with 

those calculated at a low pH.  

In LIME the stiffness of each lipid molecule is maintained by imposing pseudobonds, 

which limit the fluctuation of coarse-grained sites to the angles and torsional angles observed 

during the GROMACS simulations.  Bond angles are maintained by imposing pseudobonds 
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between all next-nearest neighboring sites.  Torsional angles are maintained with 

pseudobonds between all next-next-nearest neighboring sites.  The minimum and maximum 

pseudobond lengths were determined from the radial distribution functions for the coarse-

grained sites.  The minimum pseudobond length for a pair of coarse-grained sites was chosen 

as the smallest possible distance for which a non-zero g(r) was detected.  The maximum 

pseudobond length for a pair of coarse-grained sites was chosen as the largest distance at 

which a non-zero g(r) was observed.  The pseudobonds that were calculated for each pair of 

coarse-grained sites were evaluated and the most restrictive pseudobonds for each pair of 

coarse-grained types were selected.   

EMBLEM, a C++ program developed in the Hall research lab was used to run all 

LIME/DMD simulations.  EMBLEM uses the discontinuous molecular dynamics (DMD) 

algorithm to simulate the behavior of any type of molecule or mixture of molecules.  Any 

DMD force field parameters can be used with EMBLEM.  An Intel compiler was used to 

compile this code.  EMBLEM is run with several efficiency techniques.   Work is in progress 

to parallelize portions of EMBLEM, however, all of the simulations run for this work were 

done in serial. 

3.3 Results 
 
 LIME/DMD simulations were run to study the behavior of bilayers composed of 

DPPC/DSPS and of 21PC/DSPS lipids.  Simulations were run on ten systems, referred to 

here as Systems 1 through 10, which differed in the lipid species considered, the molar ratio 

of lipids, the pH and box length.  The ten systems are summarized in Table 3.2.  Three 
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replicate simulations, each composed of a total of 128 lipids, were run at a T* = 0.8 for each 

system.  Each simulation was started from a preformed bilayer in which the lipids were 

randomly placed into an area of 61Å x 61Å. In simulations on Systems 1 through 8 the length 

of the simulation cell in the plane of the bilayer was 61Å x 61Å.  In simulations on Systems 9 

and 10, the bilayers which spanned an area of 61Å x 61Å, were placed in the center of a box 

with dimensions of 120Å x 120Å x 120Å.  This was done to prevent the bilayer from 

interacting with its periodic images.  While interacting with its periodic images would not 

force the bilayer to occupy a certain area, it might promote the lipids to maintain an area that 

would maximize their interaction with each other.  In this section we use PC to refer to either 

a DPPC or 21PC molecule and PS to refer to a DSPS molecule.   

 

Table 3.2:  The type of lipids, molar ratio of lipids, pH and bilayer plane box lengths for 
each set of simulation parameters.  
 

System 
Number Lipids Molar Ratio pH 

Bilayer Plane Box 
Lengths 
(Å2) 

1 DPPC:DSPS 0.5:0.5 neutral 61 x 61 
2 DPPC:DSPS 0.5:0.5 low 61 x 61 
3 21PC:DSPS 0.5:0.5 neutral 61 x 61 
4 21PC:DSPS 0.5:0.5 low 61 x 61 
5 DPPC:DSPS 0.25:0.75 low 61 x 61 
6 DPPC:DSPS 0.75:0.25 low 61 x 61 
7 21PC:DSPS 0.25:0.75 low 61 x 61 
8 21PC:DSPS 0.75:0.25 low 61 x 61 
9 DPPC:DSPS 0.5:0.5 low 120 x 120 
10 21PC:DSPS 0.5:0.5 low 120 x 120 
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 During each simulation the total number of DSPS lipids with a DSPS nearest 

neighbor was calculated to provide a measure of the rate and extent of phase separation 

between the PC and PS lipids.  For this calculation, a DSPS molecule was deemed to be 

nearest neighbors with another DSPS molecule if the nearest neighbor to the DSPS head 

group (the center of mass of coarse-grained site VIIa at neutral pH or VIIb at low pH) was 

any coarse-grained site on another DSPS molecule. As DSPS lipids separate into domains, 

the total number of DSPS lipids with a DSPS nearest neighbor should increase. 

Equimolar Lipid Mixtures at Low and Neutral pH 

 Simulations on Systems 1, 2, 3, and 4 were run to investigate the behavior of bilayers 

composed of equimolar ratios of DPPC:DSPS and 21PC:DSPS, respectively, at both a 

neutral and a low pH.  Figure 3.3 provides snapshots (aerial images) of the bilayer 

configurations at 1 million and 1 billion collisions for simulations on Systems 1 through 4.  

Figure 3.3 (a, c, e, g) show that after only 1 million collisions a small amount of separation 

between PC and PS lipids can be detected.  Figure 3.3 (b, d, f, h) show that after 1 billion 

collisions the PC and PS lipids in simulations from Systems 1, 2, 3 and 4 have separated into 

domains.  Based on these images, it is difficult to detect if there is a difference between the 

phase separation achieved by the PC and PS lipids at neutral and low pH.  In fact the extent 

of phase separation between the PC and PS lipids in Figures 3.3b, 3.3d, 3.3f, 3.3h appears to 

be the same.  In addition, the DPPC/DSPS and 21PC/DSPS systems appear to separate to the 

same extent.   

Figure 3.4 displays the average number of DSPS lipids whose closest neighbor is a 

DSPS lipid for Systems 1 through 4 as a function of time measured in terms of the number of 
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collisions.  The closest neighbor to the DSPS head group (coarse-grained site VIIa at neutral 

pH or VIIb at low pH) was considered for this calculation.  The data displayed is averaged 

over the 3 replicates run for each system.  The figure shows that the average number of DSPS 

lipids whose closest neighbor is a DSPS lipid increases at approximately the same rate for 

Systems 3 (21PC:DSPS, neutral pH) and 4 (21PC:DSPS, low pH) until approximately 200 

million collisions.  After that the number of DSPS lipids with a DSPS nearest neighbor 

increases at a faster rate for System 4 (21PC:DSPS, low pH) than for System 3 (21PC:DSPS 

neutral pH).  Figure 3.4 also shows that the average number of DSPS lipids whose closest 

neighbor is a DSPS lipid is approximately the same for System 2(DPPC:DSPS, low pH) and 

System 1 (DPPC:DSPS, neutral pH) suggesting that these systems are undergoing phase 

separation at similar rates.  This is consistent with the experimentally observed phase 

separation for DOPC/DSPS systems at both neutral and low pH.  Finally, Systems 3 and 4 

have higher numbers of DSPS lipids whose closest neighbor is a DSPS lipid than Systems 1 

and 2.  This suggests that systems run with the longer PC lipid (21PC) separate into 

heterogeneous domains faster than those run with the shorter PC lipid (DPPC). 

An interesting event occurred during one of the replicate simulations of System 4.  

When reviewing snapshot images of this simulation we discovered that by 1 billion 

collisions, the majority of DSPS lipids had changed their alignment with the z-axis from 

vertical to a horizontal i.e., perpendicular to the z-axis.  Figure 3.5 provides snapshots of the 

side profile of the bilayer in this simulation at (a) 750 million collisions and (b) 1 billion 

collisions.  In Figure 3.5a the 21PC  (cyan) and DSPS (black) lipids are oriented vertically in 

alignment with the z-axis.  In Figure 3.5b the 21PC lipids remain in the vertical orientation, 
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however, the majority of the DSPS lipids have adopted a horizontal alignment, perpendicular 

to the z-axis.  We believe that the change in the alignment of the DSPS lipids is reflected in a 

sharp increase in the number of DSPS lipids with a DSPS nearest neighbor for System 4 

observed for this run at around 800 million collisions in Figure 3.4.  Therefore, it makes 

sense that adopting the new horizontal alignment would result in  an increase in the number 

of DSPS head groups that interact. In addition, it is also likely that this realignment caused 

the dramatic increase observed for the error bars in Figure 3.4 after approximately 800 

million collisions since this phenomena was only observed in one of the three replicates run 

for System 4.  This realignment is not seen in any of the neutral pH simulations or in the low 

pH simulation of DPPC:DSPS (System 2).  We plan to investigate why this realignment of 

the DSPS lipids occurs.  It is possible that some of our interaction energies at low pH are too 

large or our square-well widths are too wide, resulting in this phenomenon.  It is also possible 

that this realignment is an artifact of the small system size that we are using to study the 

phase separation in bilayers.   
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Figure 3.3:  Snapshots (a, c, e and g) of the bilayer configurations are after 1 million 
collisions and snapshots (b, d, g, h) of the bilayer configurations are after 1 billion collisions 
for Systems 1-4.  The color scheme is:  black (DSPS lipids), lime (DPPC lipids), blue (21PC 
lipids) 
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System 
Numbers 

Snapshot (Arial Image) at 1 
Million Collisions 

Snapshot (Arial Image) at 1 Billion 
Collisions 

1 
DPPC:DSPS 

0.5:0.5 
neutral pH 

 
(a) 

 
(b) 

2 
DPPC:DSPS 

0.5:0.5 
low pH 

 
(c) 

 
(d) 

3 
21PC:DSPS 

0.5:0.5 
neutral pH 
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(e) (f) 

4 
21PC:DSPS 

0.5:0.5 
low pH 

 
(g) 

 
(h) 
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Figure 3.4:  The number of DSPS lipids with a DSPS nearest neighbor versus the collision 
time for Systems 1 through 4.  The data displayed is time averaged in 50 million collision 
increments from 0 to 1000 million collisions.  In addition, the data was averaged for the 3 
replicates run for each system.  
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(a) 

 

(b) 

Figure 3.5:  Snapshots of the side profile of replicate 3 from System 4 at (a) 750 million 
collisions and (b) 1 billion collisions.  The color scheme is:  DSPS lipids (black) and 21PC 
lipids (cyan). 
 
 

Equimolar Lipid Mixtures at Low pH with Different Surface Area Constraints 

 In order to learn how bilayer surface area constraints associated with periodic 

boundary conditions impacts the phase separation in DPPC:DSPS and 21PC:DSPS systems, 

we compare the results of simulations of Systems 2, 4, 9 and 10.  The goal was to determine 

if allowing the bilayer to interact with its periodic image had an effect on the rate at which 

the PC and PS lipids separated into different domains.  Simulations on Systems 2, 4, 9 and 10 

contained bilayers with equimolar ratios of DPPC:DSPS and 21PC:DSPS lipids, respectively.  

Each of these simulations were started from initial bilayers with an area of 61Å x 61Å.  The 

box lengths for simulations on Systems 2 and 4 were 61Å x 61Å while, the box lengths for 
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simulations on System 9 and 10 were 120Å x 120Å.  Therefore, in simulations of Systems 2 

and 4 the bilayers can interact with their periodic images, whereas in simulations of Systems 

9 and 10 they cannot.  Figure 3.6 provides snapshots (aerial images) after 1 million and 1 

billion collisions from one of the replicates of the simulations that were run on Systems 2, 4, 

9 and 10.  At 1 billion collisions the area per lipid for Systems 2, 4, 9 and 10 was 58.1Å2, 

58.1Å2, 35.2Å2, and 35.2Å2, respectively.  Therefore, when the bilayers are not promoted to 

interact with their periodic images, the surface area they adopt decreases.   The bilayer in 

System 10 (no periodic boundary conditions) appears to separate into heterogeneous domains 

extremely fast as can be seen by comparing the images of System 10 at 1 million collisions 

(Figure 3.6g) and 1 billion collisions (Figure 3.6h).  In comparison, the bilayers in Systems 

2, 4 and 9 appear to separate more slowly than the bilayer in System 10.  The images from 1 

million collisions shown in Figure 3.6a (System 2), 3.6c (System 4) and 3.6e (System 9) 

have a greater number of domains (meaning less phase separation) than the images of these 

systems at 1 billion collisions shown in Figure 3.6b (System 2), 3.6d (System 4) and 3.6f 

(System 9).  Overall, System 9 appears to have separated to the greatest extent forming only 

1 DPPC and 1 DSPS domain. 
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Figure 3.6:  Snapshots (aerial images) of the bilayer formed at 1 billion collisions in 
simulations of Systems  2 (a and b), 4 (c and d), 9 (e and f) and 10(g and h).  The color 
scheme is:  black (DSPS lipids), lime (DPPC lipids), blue (21PC lipids). 
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System 
Numbers 

Snapshot (Arial Image) at 
1 Million Collisions 

Snapshot (Arial Image) at 
1 Billion Collisions 

2 
DPPC:DSPS 

0.5:0.5 
low pH 

Box 
Lengths:  
61Åx61Å 

 
(a) 

 
(b) 

4 
21PC:DSPS 

0.5:0.5 
low pH 

Box 
Lengths:  
61Åx61Å 

 
(c) 

 
(d) 

9 
DPPC:DSPS 

0.5:0.5 
low pH 

Box 
Lengths:  

120Åx120Å 
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(e)  
(f) 

10 
21PC:DSPS 

0.5:0.5 
low pH 

Box 
Lengths:  

120Åx120Å 

 
 

(g) 
 

(h) 
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 To further investigate how surface area constraints associated with periodic boundary 

interactions impacted the phase separation in DPPC/DSPS and 21PC/DSPS systems, we 

prepared Figure 3.7, which displays the number of DSPS lipids with a DSPS nearest 

neighbor.  According to the data in Figure 3.7, the number of DSPS lipids with a DSPS 

nearest neighbor increases most rapidly for System 9 (DPPC:DSPS, low pH, no surface area 

constraints).  However, after about 300 million collisions the number of DSPS lipids with a 

DSPS neighbor remains stable for System 9.  In addition, until approximately 900 million 

collisions, System 9 has the highest number of DSPS lipids with a DSPS nearest neighbor.  

At approximately 900 million collisions, System 4 (21PC:DSPS, low pH, surface area 

constraints) and System 9 (DPPC:DSPS, low pH, no surface area constraints) have 

approximately the same number of DSPS lipids with a DSPS nearest neighbor. However, the 

snapshots displayed in Figure 6 do not support this.  Instead, the snapshots displayed in 

Figure 3.6, show that System 9 separated to a larger extent than Systems 2, 4 and 10.  The 

previously-discussed unusual phenomenon that occurred in one of the replicates of System 4 

in which the DSPS lipids changed their orientation with the z-axis most likely inflated the 

number of DSPS lipids with a DSPS nearest neighbor.  In Figure 3.7, System 2 

(DPPC:DSPS, low pH, surface area constraints) and System 10 (21PC:DSPS, low pH, no 

surface area constraints) have similar amounts of DSPS lipids with a DSPS nearest neighbor.  

This is in not line with the extent of phase separation for these systems that can be seen in the 

snapshots provided in Figure 3.6 which show a higher level of separation achieved at 1 

billion collisions for System 10 in comparison to System 2.  



 

82 

In summary, simulations of DPPC/DSPS bilayers with and without surface area 

constraints imposed by periodic boundary conditions showed that at low pH, DPPC/DSPS 

bilayers without surface area constraints separated to a larger extent than DPPC/DSPS 

bilayers with surface area constraints.  According to the number of DSPS lipids with a DSPS 

nearest neighbor, 21PC:DSPS bilayers with surface area constraints separated to a greater 

extent than 21PC:DSPS bilayers without surface area constraints.  However, we suspect that 

this might be due to replicate 3 from System 4(21PC:DSPS, low pH, surface area 

constraints), which may have elevated the number of DSPS lipids with a DSPS nearest 

neighbor for this system.  According to images of the bilayers, approximately the same level 

of phase separation was achieved for 21PC:DSPS bilayers with and without surface area 

constraints.  
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Figure 3.7:  The number of DSPS lipids with a DSPS nearest neighbor verses the collision 
time for Systems 2, 4, 9 and 10.  The values for the y-axis were averaged for each of the 3 
replicates run for each system number.   
 
 

Comparing Different Ratios of Lipid Mixtures 

 Simulations were performed to investigate the rate at which bilayers composed of 

different ratios of PC and PS lipids separate at low pH.  Simulations on Systems 2, 5 and 6 

contained bilayers with DPPC/DSPS molar ratios of 0.25:0.75, 0.5:0.5 and 0.75:0.25, 

respectively.  Simulations on Systems 4, 7 and 8 contained bilayers with 21PC/DSPS molar 

ratios of 0.25:0.75, 0.5:0.5 and 0.75:0.25, respectively.  Figure 3.8 provides snapshots of 

bilayers at 1 billion collisions from simulations on Systems 2, 4, 5, 6, 7 and 8.  Each snapshot 



 

84 

shows that by 1 billion collisions the PC and PS lipids have separated into different domains.  

Snapshots from DPPC:DSPS simulations in Figure 3.8a (molar ratio 0.5:0.5), 3.8c (molar 

ratio 0.25:0.75) and 3.8d (molar ratio 0.75:0.25) all show evidence of phase separation 

between the DPPC and DSPS lipids.  Similarly, the phase separation between 21PC and 

DSPS lipids can be seen in snapshots from 21PC:DSPS simulations in Figure 3.8b (molar 

ratio 0.5:0.5), 3.8e (molar ratio 0.25:0.75) and 3.8f (molar ratio 0.75:0.25).  One important 

trend that is apparent in the snapshots is that as the ratio of PS to PC lipids increases, the 

number of domains formed and the size of those domains increases.  Snapshots at 1 billion 

collisions of systems with a PC:PS mole fraction of 0.25:0.75 (Systems 5 and 7) have larger 

domains  than snapshots of systems with a PC:PS mole fraction of 0.75:0.25 (Systems 6 and 

8).  This observation could be due to the fact that in simulations with a larger ratio of DSPS 

lipids, DSPS lipids have a greater chance of interacting with another DSPS lipid.  Since 

DSPS lipids have a very strong attraction for each other it would help these lipids drive the 

domain separation. 
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Figure 3.8:  Snapshots (aerial images) of bilayers at 1 billion collisions for Systems 2, 4, 5, 
6, 7, and 8. The color scheme is:  black (DSPS lipids), lime (DPPC lipids), blue (21PC 
lipids). 
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System 
Numbers 

Snapshot (Arial Image) at 
1 Billion Collisions 

2 
DPPC:DSPS 

0.5:0.5 
low pH 

Box Lengths:  
61Åx61Å 

 
(a) 

4 
21PC:DSPS 

0.5:0.5 
low pH 

Box Lengths:  
61Åx61Å 

 
(b) 

5 
DPPC:DSPS 

0.25:0.75 
low pH 

Box Lengths:  
61Åx61Å 
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(c) 

6 
DPPC:DSPS 

0.75:0.25 
low pH 

Box Lengths:  
61Åx61Å 

 
(d) 

7 
21PC:DSPS 

0.25:0.75 
low pH 

Box Lengths:  
61Åx61Å 

 
(e) 

8 
21PC:DSPS 

0.75:0.25 
low pH 

Box Lengths:  
61Åx61Å 

 
(f) 
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 To quantify the rate at which bilayers composed of different ratios of PC and PS 

lipids separate into domains at low pH we calculated the number of DSPS lipids with a DSPS 

nearest neighbor versus collision time for System 2, 4, 5, 6, 7, and 8.  For this calculation, the 

data from all 3 replicates of each system were averaged.  These values are displayed in 

Figure 3.9.  For the y-axis values we divided the number of DSPS lipids with DSPS nearest 

neighbors by the total number of possible DSPS neighbors in Figure 3.9.  This is different 

than the y-axis values used in Figures 3.4 and 3.7.   This was done because, depending on 

the system, each DSPS lipid could have one of 32, 64 or 96 DSPS nearest neighbors. 

According to Figure 3.9, as the ratio of PS lipids to PC lipids in a system increases, the 

number of DSPS lipids with a DSPS nearest neighbor also increases. The results also show 

that the number of DSPS lipids with a DSPS nearest neighbor was very similar for Systems 6 

and 8 (PC:PS molar ratio of 0.75:0.25), Systems 2 and 4 (PC:PS molar ratio of 0.5:0.5) and 

Systems 5 and 7 (PC:PS molar ratio 0.25:0.75).  However, for each molar ratio that was 

studied, systems with 21PC had slightly more DSPS molecules with a DSPS nearest neighbor 

than systems with DPPC.  Therefore, the longer PC lipid (21PC) may promote phase 

separation to a lesser degree than the shorter PC lipid (DPPC).   
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Figure 3.9: The number of DSPS lipids with a DSPS nearest neighbor verses the collision 
time for Systems 2, 4, 5, 6, 7 and 8.  The values for the y-axis were averaged for each of the 
3 replicates run for each system number.   
 
 

Simulations of DPPC/DSPS and 21PC/DSPS Liposomes Containing Doxorubicin 

 Simulations of DPPC/DSPS and 21PC/DSPS liposomes containing doxorubicin were 

run to study whether or not the length of the PC lipid affected the rate of drug release from 

the liposomes.  The DPPC/DSPS liposomes were composed of 1000 DPPC and 1000 DSPS 

lipids.  The initial liposome configuration was generated by randomly inserting either DPPC 

or DSPS lipids into the inner or outer leaflets of the liposome.  The initial outer radius of the 

DPPC/DSPS liposome was 100Å. The 21PC/DSPS liposomes were composed of 1000 21PC 

and 1000 DSPS lipids and had an initial outer radius of 105Å.  The inner core of both 
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liposomes was loaded with 30 doxorubicin molecules.  An atomistic representation of 

doxorubicin is used to model the drug geometry in these simulations.  In this representation, 

67 sites are used to represent each doxorubicin molecule.  These sites are connected in such a 

way that the molecule is relatively inflexible.  All interactions between lipids and 

doxorubicin molecules are modeled as hard sphere potentials. Thus we are accounting for the 

drug geometry but not the energetics;  The intermolecular σ values between all doxorubicin 

and lipid coarse-grained sites were approximated as 1.5Å.  All interactions between 

doxorubicin molecules were modeled as hard sphere potentials with σ values of 1.0Å.  These 

approximation values of σ were used so that we could simulate the behavior of drug 

molecules in our lipid systems before running atomistic simulations and performing 

calculations to determine coarse-grained parameters for doxorubicin.  In the future, we plan 

to run atomistic simulations to determine square-well parameters for lipid/doxorubicin and 

doxorubicin/doxorubicin interactions.  Figure 3.10 provides snapshots from the 

DPPC/DSPS/doxorubicin and the 21PC/DSPS/doxorubicin simulations at 1 million 

collisions and at 1.5 billion collisions.  The images shown in this figure are cross-sections of 

the liposomes that are run in the simulations; this provides a better view of the drug 

molecules inside the liposomes.  After 1.5 billion collisions, no drug molecules have escaped 

from the DPPC/DSPS or the 21PC/DSPS liposomes.  However, two drug molecules have 

moved from the inner core of the 21PC/DSPS liposome to the bilayer of the liposome.  In 

addition, there appears to be more domains of PC and PS lipids in the liposomes at 1.5 billion 

collisions than the liposomes at 1 million collisions.  As the simulation progresses we hope to 

see some of the drug molecules escape.  
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3.10:  Snapshots of the DPPC/DSPS/doxorubicin liposome after (a) 1 million 
collisions and (b) 1.5 billion collisions.  Snapshots of the 21PC/DSPS/doxorubicin liposome 
after (c) 1 million collisions and (d) 1.5 billion collisions.  The color scheme is:  black (DSPS 
lipids), lime (DPPC lipids), blue (21PC lipids), purple (doxorubicin) 
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3.4 Conclusion and Discussion 
 

We described the extension of LIME, which was original designed for a single type 

of lipid, DPPC, at a temperature of 325K to be applicable to DPPC, DSPS and 21PC lipids at 

a temperature of 310K.  LIME is an intermediate-resolution, implicit-solvent coarse-grained 

model for phospholipid molecules, which is designed for use with DMD.  One of the main 

advantages of combining LIME with DMD is that it makes it possible to sample much wider 

regions of conformation space and longer time scales than in traditional molecular dynamics.  

This feature of LIME/DMD was extremely important for the simulation of the large 

liposomes described in this work.  By treating solvent implicitly, coarse-graining and using a 

discontinuous potential we can simulate the behavior of mixed lipid systems at a much faster 

rate than in traditional molecular dynamics simulations. 

The expanded version of LIME was used to simulate the behavior of bilayers 

composed of DPPC/DSPS and 21PC/DSPS at both neutral and low pH.  According to our 

results DPPC/DSPS bilayers separated to the same extent at both a neutral and low pH.  In 

addition, snapshots of 21PC/DSPS systems at neutral and low pH after 1 billion collisions 

show approximately the same extent of phase separation.  However, for these 21PC/DSPS 

systems the number of DSPS lipids with a DSPS nearest neighbor was slightly higher at low 

pH than at neutral pH.  This may be due to the event that took place in one of the replicates 

of System 4, which was a simulation of a 21PC/DSPS system at low pH.  During this event 

the DSPS lipids changed their orientation after approximately 800 million collisions allowing 

more DSPS lipids to interact.  This event may have inflated the number of DSPS lipids with a 

DSPS nearest neighbor that was calculated for System 4.  If this event did not occur, we 
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might have calculated approximately the same number of DSPS lipids with a DSPS nearest 

neighbor for 21PC/DSPS systems at both neutral and low pH.  While we do not have 

experimental data regarding the phase separation rate of bilayers composed of DPPC/DSPS 

or 21PC/DSPS experimental results by Sofou and coworkers have shown that liposomes 

composed similar lipids of (DOPC/DSPS) separate at approximately the same rate at both a 

neutral and low pH.  In comparison, liposomes composed of DOPC/DSPS/cholesterol show 

significantly different separation rates when in neutral and low pH.  Therefore, cholesterol 

plays a major role in inhibiting the rate of phase separation at neutral and low pH.  In the 

future, we plan to calculate LIME parameters for cholesterol and to add cholesterol to our 

simulations.  We believe that the PC/PS lipids would prefer to separate into heterogeneous 

domains at both neutral and low pH because the interaction strength between the DSPS head 

groups is much stronger at low pH at neutral pH but that cholesterol acts to prevent the 

separation.  However, since there is less of a driving force (lower attraction energy between 

DSPS lipids) at a neutral pH than at low pH, it is likely easier for cholesterol to block the 

separation of PC and PS lipids at a neutral pH than at a low pH.  

We also investigated the rate of phase separation in DPPC/DSPS and 21PC/DSPS 

bilayers with and without surface area constraints promoted (but not forced) by interactions 

with period boundary conditions.  In experiments, liposomes composed of PC/PS lipids in a 

solution containing salt ions cannot simply adjust to any desired size for the following 

reason: as PC/PS lipids begin to separate into heterogeneous domains the lipids try to pack 

closer together.  As they do this, the overall liposome size shrinks.  During this process water 

molecules can escape from the inner core of the liposome, while salt molecules cannot.  This 
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results in an osmotic pressure that prevents the liposome from shrinking to a large extent.  

According to our simulations, DPPC/DSPS bilayers without a restricted surface area will 

separate faster than bilayers with a restricted surface area.  In comparison, bilayers composed 

of 21PC/DSPS separated at approximately the same rate at low pH in simulations with and 

without restrictions on their surface area.  

We also investigated the rate at which bilayers composed of DPPC/DSPS or 

21PC/DSPS at molar ratios of 0.25:0.75, 0.5:0.5 and 0.75:0.25 separated at low pH.  Our 

results showed that the higher the concentration DSPS in the DPPC/DSPS or 21PC/DSPS 

bilayers, the greater the separation, meaning less domains of DSPS and DPPC with more 

lipids in each domain.  For each molar ratio that was studied, systems with 21PC consistently 

had more DSPS molecules with a DSPS nearest neighbor than systems with DPPC.  This 

may indicate that the longer PC lipid (21PC) may promote phase separation slightly more 

than the shorter PC lipid (DPPC). 

Simulations of DPPC/DSPS and 21PC/DSPS liposomes containing doxorubicin were 

run to study whether or not the length of the PC lipid affected the rate of drug release from 

the liposomes.  We did not see any drug molecules escape from the liposomes after 1.5 

billion collisions.  However, we do see PC and PS domain formation in both the DPPC/DSPS 

and the 21PC/DSPS liposomes.  In addition, two of the doxorubicin molecules have migrated 

from the center core of the 21PC/DSPS liposome to the bilayer portion, which may indicate 

that they are in the process of escaping.  We plan to continue to monitor the phase separation 

and drug encapsulation of these systems. 
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While our simulations were inspired by experiments done in the Sofou lab research, 

we have not, as yet, included the specific molecular embellishments associated with the 

Sofou liposomes, including the targeting ligand, fusion peptides and cholesterol.[15,31,32]  

The multiscale modeling procedure that we used to calculate LIME parameters for DPPC, 

21PC and DSPS could, however, be used to calculate parameters for these additional 

molecules.  In the future we plan to expand our model to include these molecules.   

It is useful to discuss some of the limitations associated with DMD.  One drawback of 

using DMD is that it is difficult to correlate collision times with real time.  This is the result 

of the fact that DMD simulations are event-driven rather than time-driven and that solvent is 

modeled implicitly.  If information is available regarding the experimental time required for a 

certain process or event to occur, this can be correlated to the simulation time required for the 

same process or event to occur, allowing us to estimate a correlation between simulation and 

real time. Another limitation of our model is that we can only correlate a reduced temperature 

of 0.8 with a real temperature of 310K.  This is because we calculated our LIME parameters 

from GROMACS simulations performed at 310K.  If we change the reduced temperature in 

our simulations we would not be able to calculate the associated real temperature.  If desired, 

a multiscale modeling procedure could be used to determine the temperature dependence of 

the interaction energies in our model.  This procedure would require data from atomistic 

simulations at various temperatures.  We did not attempt to build a correlation between real 

temperature and reduced temperature because we only wanted to simulate the behavior of 

liposomes at one temperature (310K).  Finally, although our LIME/DMD simulations are 

currently run using the NVT ensemble, we could perform NPT simulations in the future.  To 
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do this we would need to perform hybrid Monte Carlo – DMD simulations in which the 

volume change moves are made with Monte Carlo and particle displacement moves are made 

with DMD.  This type of simulation has been performed by previous members of the Hall 

group.[48,49]  Despite these limitations we feel that our LIME/DMD model accurately 

models the behavior of liposomes observed experimentally and that it could be a useful tool 

to researchers trying to study the behavior of lipid systems on a molecular level. 
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CHAPTER 4 

Modeling the Interaction Between Hydrophilic and Hydrophobic Nanoparticles with 
Bilayer Membranes Using LIME, an Intermediate-Implicit Solvent Model Designed for 

Use with Discontinuous Molecular Dynamics  
 

4.1 Introduction 
 

The subject of this paper is the interaction between nanoparticles and biomembranes 

and the attendant wrapping or penetration that follows from this interaction..  Motivation for 

this study comes from the increasing prevalence of nanoparticles in our everyday lives, the 

use of nanoparticles to deliver drugs, proteins, and antimicrobials into cells and concerns 

about nanoparticle toxicity.  For a nanoparticle to be wrapped by, or penetrate,  a cell 

membrane , specific (ligand-receptor) and nonspecific (surface charge, hydrophobicity, size 

and shape) binding interactions must overcome the resistive forces associated with 

membrane  stretching and elasticity.[1]  Experimental studies have been performed to 

investigate the role that both specific and nonspecific interactions play in the cellular uptake 

of nanoparticles [1,2,3,4,5], however, the complexity and diversity of nanoparticle types that 

currently exist make it very difficult to completely explore the behavior of all 

nanoparticle/membrane systems.  Computer simulation is a tool that could be used to aid 

experimentalists by helping them to visualize the molecular motions that contribute to both 

the wrapping and direct penetration process that occurs at nanoparticle/membrane interfaces.   

Our goal is to develop a computational model that provides molecular-level insights 

into, and facilitates the exploration of, the interaction between biomembranes and 
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nanoparticles with different geometric and energetic properties.  In this paper we demonstrate 

how the combination of discontinuous molecular dynamics simulations (DMD) and our  

previously-developed LIME forcefield [6] can be used to model the interaction between lipid 

membranes and nanoparticles of different sizes, densities and hydrophobicities.  We show 

that LIME/DMD simulations can be used to study the wrapping of hydrophilic nanoparticles 

of size range 5-100 Å by a lipid membrane and the mechanism by which a hydrophobic 

nanoparticle penetrates   the inner core of a bilayer. 

A number of experimental studies have been conducted to examine the interaction 

between nanoparticles and bilayer membranes.   Chithrani and co-workers investigated the 

intracellular uptake of gold nanoparticles with different sizes and shapes.[3]  Rod shaped 

nanoparticles with dimensions of 40x14nm and 74x14nm and spherical nanoparticles with 

diameters of 14, 30, 50, 74 and 100 nm were studied.  The cells were incubated with the gold 

nanoparticles for 6 hours.  Subsequently, the concentration of Au that had accumulated in the 

cells was measured.  The cellular uptake of spherical nanoparticles exhibited a maximum as a 

function of nanoparticle size; it was greatest for particles with diameters of 30nm and 50nm 

and lowest for particles with diameters of 14nm, 74nm and 100nm.   Cellular uptake for rod 

shaped particles was lower than that for spherical particles.[3]  The authors speculated that 

the difference in the uptake between the various sizes and shapes of nanoparticles could be 

due to surface curvature and the amount and type of proteins absorbed onto the nanoparticle 

surface. 

Win and co-workers investigated the effect of particle size and surface coating on the 

cellular uptake of polymeric nanoparticles intended for the oral delivery of anticancer 
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drugs.[4].  The authors evaluated the cellular uptake of 50nm, 100nm, 200nm 500nm and 

1000nm polystyrene nanoparticles by Caco-cells.  The 100nm and 200nm nanoparticles had 

the best cellular uptake, whereas the 50nm nanoparticles had the smallest amount of cellular 

uptake.  Experiments were also performed to study the cellular uptake of polystyrene (PS) 

nanoparticles and poly(lactic-co-glycolic acid) (PLGA) nanoparticles coated with polyvinyl 

alcohol (PVA) or vitamin E TPGS.  The Vitamin E TPGS-coated PLGA nanoparticles had 

better cellular uptake than the PS nanoparticles and the PVA-coated nanoparticles.[4]  In 

another study Verma and co-workers compared the cell-membrane penetration achieved by 

two different nanoparticles with the same size, shape and ratio of hydrophobic to hydrophilic 

molecules.[5]  The nanoparticles differed only in the arrangement of the surface hydrophilic 

and hydrophobic groups.  One type of nanoparticle was coated with striations of alternating 

anionic and hydrophobic groups and the other type was coated with random distribution of 

anionic and hydrophobic groups.  They found that the striated nanoparticles were able to pass 

directly through cell membranes and did not undergo endocytosis or pinocytosis to reach the 

cytosol.  In contrast the nanoparticles with the random distribution of anionic and 

hydrophobic groups were almost completely blocked from cell entry.[5] An alternative, 

albeit indirect way to quantify cellular uptake of different types of nanoparticles is to 

measure the cytotoxicity that can accompany this process. For example, Pan and co-workers 

studied the cytotoxicity of gold nanoparticles with diameters ranging in size from 0.8nm to 

15nm in four cell lines.[2]  They also tested the toxicity of very small (diameter <0.8nm) 

gold particles (gold thiomalate).  They found that nanoparticles with diameters in the size 

range from 1 – 2nm were more toxic to all four of the cell lines tested than the very small 
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gold nanoparticles (gold thiomalte) or the larger 15nm particles.  The authors speculate that 

the nanoparticle toxicity was a result of endocytosis, however, their experimental methods 

did not allow them to determine an exact cause of cell death.[2]  

In addition to the experimental work that has been performed to examine 

nanoparticles and membranes, various approaches to modeling the interaction between 

nanoparticles and membranes with simulations have been described in the literature.  The 

levels of detail used to represent the molecules in these models fall roughly in two main 

categories:  high-resolution and low-resolution.  High-resolution or atomistic models 

represent the geometry and energetics of all molecules realistically and typically account for 

the motion of every atom including every solvent atom.  One example of a high-resolution 

model is that developed by Bedrov and co-workers to investigate the interaction and passive 

transport of C60 fullerenes into lipid membranes composed of di-myristoyl-

phosphatidylcholine (DMPC).[7]  The system studied in these atomistic simulations consists 

of a DMPC bilayer composed of 52 lipid molecules and 1800 water molecules.  The 

atomistic simulations were performed using the Lucretius molecular dynamics simulation 

package [7] along with the lipid force field parameters from CHARMM27.[8]  The free 

energy and the diffusivity of a fullerene was obtained as a function of its position within the 

membrane; these properties were used to calculate the membrane  permeability.[7]   

In contrast to high-resolution models, low-resolution models, which are also known 

as coarse-grained models, are based on a simplified representation of molecular geometry 

and energetics.  In a coarse-grained model a single interaction site is used to represent the 

behavior of a group of several atoms.  This reduces the total number of sites whose 
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trajectories must be calculated, thereby increasing the speed of the simulation.  One example 

of a low-resolution model used to describe nanoparticle membrane interactions is that 

developed by Vacha and coworkers to study the passive endocytosis of ligand-coated 

nanoparticles of different sizes, shapes, coverage and membrane-binding strength.[9]  For 

this work the authors used the implicit-solvent model for phospholipid membranes developed 

by Cooke et al.[10]   In this model, three spheres are used to represent each phospholipid 

molecule:  a hydrophilic sphere to represent the phospholipid headgroup and two 

hydrophobic spheres to represent the two phospholipid tails.  The nanoparticles are 

composed of several spheres that are the same size as the hydrophilic headgroup sphere, most 

of which  are hydrophilic.  All simulations were performed using the ESPRESSO molecular 

dynamics package.[11]  Vacha and coworkers demonstrated that larger spherical particles 

experienced endocytosis more easily than smaller particles.  The authors explain that this 

observation is a result of the more favorable compromise between bending rigidity and 

surface adhesive energy for the larger nanoparticles than for the smaller particles.  The 

results also show that the simulation rate for passive endocytosis is higher for 

spherocylindrical particles than it is for spheres and that endocytosis is suppressed for 

particles with sharp edges.[9] 

Another example of the use of a coarse-grained model to determine the effect of a 

nanoparticle’s size on its translocation across a lipid bilayer is work by Lin and co-

workers.[12]  The nanoparticles in these explicit–solvent simulations are hydrophobic and 

range in size from 1.284 nm to 2.912 nm.; the lipid chosen for study is DPPC.  All 

simulations were run using GROMACS 3.3.3 [13] with the MARTINI force field developed 
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by Marrink et al.[14,15]  Results showed that the time required for a nanoparticle to 

translocate to different positions in a DPPC bilayer decreased with the size of the 

nanoparticle.[12]  Yang and Ma also used coarse-grained computer simulations  based on 

dissipative particle dynamics (DPD) to simulate  the translocation of nanoparticles with 

different shapes across a lipid bilayer.[16]    The simulations predicted the translocation of 

nanoparticles through the lipid membrane but not the endocytosis of the nanoparticles by the 

membrane. The lipid molecules contained two hydrophilic head spheres and five 

hydrophobic tail. The nanoparticles were constructed by arranging hydrophilic DPD spheres 

in the desired geometrical shape.  The nanoparticles studied had the following geometries:  

(1) disks of radius 0.8nm and 1.6nm, (2) ellipsoids approximately 1.6nm wide and 6.4nm 

long, (3) cylinders with a radius of 0.8nm or 2.0nm and (4) pushpin-shaped particles 

measuring 2.0nm at their widest point and 0.8 nm in height.  The authors concluded that the 

nanoparticle shape and initial orientation significantly affect the interaction between the 

nanoparticle and the lipid bilayer.  

In this paper, we use an implicit-solvent intermediate-resolution model for lipid 

molecules, which we call “LIME,” with discontinuous molecular dynamics (DMD), a fast 

alternative to traditional molecular dynamics simulation, to model the interaction between 

both hydrophilic and hydrophobic nanoparticles and DPPC bilayer membranes. The LIME 

geometric and energetic parameters for the DPPC lipids were obtained using a multiscale 

modeling approach as described in our previous paper.  In multiscale modeling atoms are 

grouped into coarse-grained sites and the geometric and energetic parameters for these 

coarse-grained sites are extracted from atomistic simulations in explicit solvent.  The 
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nanoparticle is modeled as a single sphere, essentially a generic nanoparticle, rather than as a 

cluster of spheres as other investigators have done. This is in keeping with our vision of this 

work as “proof of method” simulations, which could eventually evolve into examinations of 

more specific nanoparticle-membrane systems. Two types of nanoparticles are examined, 

hydrophilic and hydrophobic.  The hydrophilic nanoparticles have square-well interactions 

with hydrophilic lipid sites and the hydrophobic nanoparticles have square-well interactions 

with hydrophobic lipid sites in our model.  We investigate the extent to which hydrophilic 

nanoparticles with diameters from 5-100 Å are wrapped by a DPPC membrane and the extent 

to which hydrophobic nanoparticles with diameters from 5-20 Å penetrate the membrane.  

We chose not to study nanoparticles larger than 100 Å because this would require extremely 

large bilayers to provide enough lipid molecules to fully wrap the nanoparticles, which would 

in turn require significant computational resources and time.  We also examine how the 

nanoparticle mass per volume affects the wrapping process membranes.   Although not 

physically realistic, in this work we have decoupled particle volume from interaction 

strength.  We selected a reasonable square-well width on the order of 5 Å, and interaction 

energies of -2.0eV for interactions between hydrophilic nanoparticles and hydrophilic lipid 

molecules and for interactions between hydrophobic nanoparticles and hydrophobic lipid 

molecules.  In the future, we will utilize our multiscale modeling approach to obtain realistic 

square-well depths and widths for nanoparticles in the size range we found to be important 

from this work. 

 Highlights of our results include the following.  Our model demonstrates the major 

role that nanoparticle size plays in the membrane wrapping process.  We find that 
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hydrophilic nanoparticles with a diameter less than 20Å are not wrapped by bilayers; instead 

they become embedded in the bilayer’s surface  where they can interact with the hydrophilic 

head groups of the lipid molecules.  Hydrophilic nanoparticles with diameters between 20Å 

and 100Å do became wrapped by the bilayer membrane.  Hydrophobic nanoparticles with 

diameters of 5Å and 20Å do not undergo the wrapping process; instead they  directly 

penetrate the membrane and remain within the inner hydrophobic core of the bilayers. The 

mass per volume of the nanoparticles had little effect on their interaction with the bilayer 

membranes. This was the case for both hydrophilic and hydrophobic nanoparticles with a 

mass per volume density within 0.12 – 0.67 amu/Å3.  

4.2 Methods and Model 
 
 To simulate the DPPC molecules in this work, LIME, an intermediate resolution 

implicit-solvent model for lipid molecules [6] developed for use with discontinuous 

molecular dynamics was employed.  In LIME each DPPC molecule is represented by 14 

coarse-grained sites one of six unique coarse-grained types (I-VI).  A detailed description of 

the coarse-grained parameters used to describe each DPPC molecule is provided in our 

previous work.[6]  Figure 4.1 illustrates the coarse-grained representation of:  (a) a DPPC 

molecule and (b) a nanoparticle.  Types I and II represent the choline entity and the 

phosphate group, respectively.  Ester coarse-grained sites 3 and 9 are assigned types II and 

IV, respectively.  The coarse-grained sites in the hydrocarbon tails (excluding the terminal 

sites) are assigned type V.  Finally, the terminal tail coarse-grained sites are classified as type 
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VI.  Each nanoparticle in our simulations is represented by one single coarse-grained site and 

is assigned the coarse-grained type VII.   

 

 

 Figure 4.1:  (a) Coarse-grained representation of DPPC (b) Coarse-grained 
representation of a nanoparticle.  The color scheme is; purple (choline entity – type I for 
DPPC site 1); yellow (phosphate group – type II for DPPC site 2); red (ester group – type III 
for DPPC site 3); orange (ester group – type IV for DPPC site 9); cyan (alkyl tail groups – 
type V for DPPC sites 4-7&10-13); green (terminal tail groups – type VI for DPPC sites 
8&14); gray (nanoparticle – type VII for nanoparticle site 1).  The size of the DPPC coarse-
grained sites and the nanoparticle are not drawn to scale. 

 
 
 The discontinuous molecular dynamics (DMD) algorithm, a very fast alternative to 

traditional molecular dynamics simulation, is the simulation method used for this 

work.[17,18]  In DMD simulations, particles interact via a combination of hard-sphere and 

square well-potentials which means that the forces on particles need only be  calculated when 

discontinuities in the potential are encountered.  This allows for faster simulations than 

traditional molecular dynamics, enabling examination of larger systems and longer time 

scales.  A hard sphere is an impenetrable, solid sphere; a square-well is a hard sphere 
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surrounded by an attractive well.  Expressions for the hard sphere (HS) and square well (SW) 

potentials between spheres i and j are, respectively: 

    Equation 1 

  Equation 2 

where r is the distance between spheres, σij is the hard sphere diameters, λij is the well 

diameter and εij is the well depth.  In our DMD simulations , the initial velocities assigned to 

coarse-grained sites are based on a Maxwell-Boltzmann distribution about the desired 

simulation temperature.  The particle trajectories are then followed by calculating the time 

between each collision and advancing the simulation to the next event.  Types of events 

include a collision between two hard spheres, a bond event when the distance between two 

bonded spheres reaches a minimum or maximum limit, and square well events when two 

spheres enter (capture), unsuccessfully attempt to escape (bounce) or successfully leave 

(dissociation) a square well.[19,20,21,22] 

 In all LIME/DMD simulations the simulation temperature is expressed in terms of the 

reduced temperature T*: 

 T*= kBT/ε*   Equation 3 

where kB is Boltzmann’s constant, T is the temperature, and ε* is the reference interaction 

strength.[23]  The same reference interaction strength, ε* = 0.0363, that was used previously 

for our simulations of DPPC lipids at 325K, was used for the simulations described in this 
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work.  A detailed description of the procedure used to calculate this value is provided in our 

previous work.[6]  Therefore, T* = 0.77 in all our of nanoparticle/bilayer simulations.   

The LIME σij, λij, and εij coarse-grained parameters for DPPC molecules were 

obtained using a multiscale modeling technique.  In this procedure coarse-grained parameters 

are extracted from data collected from atomistic simulations.  Data used to calculate the 

DPPC parameters were obtained by running united-atom explicit-solvent simulations at 

T=325K of 30 DPPC lipids using the GROMACS simulation package [24,25] version 4.5.4 

along with the GROMOS96 53a6 forcefield.[26]  Complete details of the multiscale 

modeling procedure used to calculate the LIME DPPC parameters is provided in our 

previous publication.[6]  Table 4.1 provides the values for σij, λij, and εij between all DPPC 

coarse-grained types.  In addition to the σij, λij, and εij coarse-grained parameters, the 

GROMACS simulation data was also used to calculate the minimum and maximum bond and 

pseudobond lengths between coarse-grained sites.  Pseudobonds are used in the model to 

maintain the relative stiffness of the lipid molecules by limiting the fluctuation of the coarse-

grained sites to the angles and torsional angles observed during the GROMACS simulation.  

For coarse-grained pairs with an εij
  = 0.0 (hard-sphere interaction), the λij,is listed as “NA” 

for “not applicable” since these pairs do not interact with a square-well potential. 
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Table 4.1:  The hard sphere diameters, square well widths and interaction energies for each 
pair of coarse-grained types.   
 

Coarse-‐grained	  

Type	  i	  

Coarse-‐grained	  

Type	  j	  

σHS	  ij	  

(Å)	  

λ ij	  

(Å)	  

ε ij	  

(eV)	  

I	   I	   4.35	   12.65	   -‐0.065	  

I	   II	   3.85	   9.85	   -‐0.070	  

I	   III	   3.85	   9.95	   -‐0.050	  

I	   IV	   3.75	   10.25	   -‐0.047	  

I	   V	   4.15	   NA	   0.000	  

I	   VI	   4.15	   NA	   0.000	  

II	   II	   4.05	   12.15	   -‐0.080	  

II	   III	   3.45	   13.05	   -‐0.048	  

II	   IV	   3.35	   12.35	   -‐0.030	  

II	   V	   3.75	   NA	   0.000	  

II	   VI	   3.65	   NA	   0.000	  

III	   III	   3.65	   10.45	   -‐0.037	  

III	   IV	   3.25	   9.95	   -‐0.036	  

III	   V	   3.65	   10.53	   -‐0.022	  

III	   VI	   3.55	   7.70	   -‐0.015	  

IV	   IV	   3.15	   11.65	   -‐0.035	  

IV	   V	   3.45	   11.43	   -‐0.026	  

IV	   VI	   3.45	   10.85	   -‐0.023	  

V	   V	   3.75	   11.56	   -‐0.050	  

V	   VI	   3.75	   11.66	   -‐0.054	  

VI	   VI	   3.65	   11.02	   -‐0.070	  



 

112 

The σij values between the nanoparticle and DPPC sites were chosen to allow us to 

study the behavior of nanoparticles with diameters ranging in size from 5 – 100 Å.  We chose 

to study these relatively small nanoparticles in this “proof of method” work because larger 

nanoparticles would have required us to significantly increase the number of DPPC 

molecules in our simulations and hence reduce the number of collisions per CPU hour that 

could be achieved significantly.  For this work we studied the interaction of the DPPC bilayer 

membrane with both hydrophilic and hydrophobic nanoparticles   so that we could compare 

our results to data on nanoparticles with a wide range of hydrophobicities.  We chose to 

model hydrophilic nanoparticles as spheres that only had strong interactions with the 

hydrophilic lipid head groups of the DPPC molecules.  (Since the hydrophilic lipid head 

groups in LIME have stronger interaction energies with each other than with the hydrophobic 

tail groups,, we assumed that a hydrophilic nanoparticle would also have stronger interaction 

energies with the hydrophilic lipid head groups than with the hydrophobic tails. ) To model 

these interactions the εij values between DPPC coarse-grained sites 1 (choline entity), 2 

(phosphate group) 3 (ester group) and 9 (ester group) and hydrophilic nanoparticles were 

each set to -2.0 eV.  A value of -2.0 eV was chosen because it represents a very strong 

attraction (large well-depth) and we felt it would give us a good idea of the way that very 

hydrophilic nanoparticles would interact with a membrane.   The εij  between all of the DPPC 

akyl tail groups (coarse-grained sites 4-8 and 10-14) and the hydrophilic nanoparticles  were 

chosen to be zero, i.e. they interact  as  hard-spheres.  The λij values between hydrophilic 

nanoparticles and DPPC coarse-grained sites 1 (choline entity), 2 (phosphate group) 3 (ester 

group) and 9 (ester group ) were set to a value that made the width of the square-well 
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interaction ( λij - σij) equal to 5.0 Å.  Since this work was not performed to model any 

specific nanoparticle/bilayer system, we did not have any atomistic or experimental data to 

help us select a value for the width of the square-well interactions between the nanoparticle 

and lipid head groups.  We decided to use a value of 5.0 Å for the width of these square-well 

interactions because it is large enough to allow the particles to interact, yet small enough to 

allow the lipid head-groups to maintain interactions between themselves.  Table 4.2 provides 

the values for εij between all DPPC coarse-grained types and a hydrophilic nanoparticle.   

 

Table 4.2: Interaction energies for between each pair of DPPC coarse-grained types and a 
hydrophilic nanoparticle. 
 

Coarse-‐grained	  

Type	  i	  

Coarse-‐grained	  

Type	  j	  

ε ij	  

(eV)	  

I	   VII	   -‐2.0	  

II	   VII	   -‐2.0	  

III	   VII	   -‐2.0	  

IV	   VII	   -‐2.0	  

V	   VII	   0.0	  

VI	   VII	   0.0	  

 

 

In addition to studying hydrophilic nanoparticles we also ran simulations to 

investigate hydrophobic nanoparticle/membrane interactions.  In LIME the hydrophilic lipid 

tails have much stronger interactions with each other than they do with the hydrophilic lipid 
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head groups.  Therefore, we assumed that hydrophobic nanoparticles would also have 

stronger interactions, and prefer to interact, with, the hydrophobic lipid tails rather than with 

the hydrophilic lipid head groups.    To model these interactions hydrophobic nanoparticles 

were assigned square-well interactions of strength εij = -2,0eV with the hydrophobic tails 

(coarse-grained sites 4-8 and 10-14) and hard-sphere interactions with  the DPPC coarse-

grained sites 1 (choline entity), 2 (phosphate group) 3 (ester group) and 9 (ester group).  The 

λij value between hydrophobic nanoparticles and DPPC coarse-grained sites 4-8 Å  and 10-

14 (hydrophobic alkyl tails) was set to a value that made the width of the square-well 

interaction ( λij - σij) equal to 5.0 Å.  Table 4.3 provides the values for εij between all DPPC 

coarse-grained types and a hydrophobic nanoparticle.  

  

Table 4.3: Interaction energies for between each pair of DPPC coarse-grained types and a 
hydrophobic nanoparticle. 
 

Coarse-‐grained	  

Type	  i	  

Coarse-‐grained	  

Type	  j	  

ε ij	  

(eV)	  

I	   VII	   0.0	  

II	   VII	   0.0	  

III	   VII	   0.0	  

IV	   VII	   0.0	  

V	   VII	   -‐2.0	  

VI	   VII	   -‐2.0	  
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4.3 Results and Discussion 
 
 Ten independent DMD simulations were run to study the interaction between 

hydrophilic nanoparticles with different physical properties and a bilayer composed of DPPC 

molecules.  The nanoparticles in each simulation had a diameter ranging from 5 – 100 Å and 

a mass per volume density ranging from 0.013 – 0.67 amu/Å3.  Since nanoparticles are made 

of a wide variety of materials they have a wide range of densities.  We decided not the study 

nanoparticle densities larger than 0.67 amu/Å3 to avoid slowing down our simulations.  

Increasing the nanoparticle density decreases the velocity of the nanoparticles, which means 

it takes longer for them to travel to the surface of the bilayer membrane.  Since our goal was 

to model the nanoparticle/bilayer interaction and not the behavior of the nanoparticle before 

it reaches the membrane surface we selected densities equal to or less than 0.67 amu/Å3  The 

lowest mass per volume density limit that we studied , 0.013 amu/Å3,  was not based on the 

density of a specific nanoparticle. We considered this very low ( and unrealistic) density 

because we felt it would allow us to determine whether or not density played a major role in 

the behavior of nanoparticles in our model.  The mass per volume density of gold and silver 

nanoparticles is 116 and 6.3 amu/Å3, respectively, which is significantly higher than the 

highest density we studied.  In the future we plan to run simulations with more realistic 

densities.  Each simulation was started from a preformed DPPC bilayer containing either 

1500 or 4000 molecules. The bilayers composed of 1500 lipids were built to span an area of 

218Å x 218Å in the center of a box with dimensions of 250Å x 250Å x 250Å.   The bilayers 

composed of 4000 lipids were built to span an area of 356Å x 356Å in the center of a box 

with dimensions of 500Å x 500Å x 500Å. The bilayer was placed in a position where it could 
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not interact with its periodic boundary image in each simulation.   This was done to prevent 

the surface tension of the bilayer from affecting its interaction with the nanoparticle.  Each 

nanoparticle was placed approximately 5Å above the preformed bilayer at the center of the 

bilayer.  At 5Å above the bilayer, the nanoparticle is far enough from the bilayer to prevent 

any overlaps, yet close enough to begin interacting with the bilayer.  We chose to position 

nanoparticles close to the bilayers to avoid spending computational resources on simulations 

in which the nanoparticles did not interact with the bilayer.   All simulations were run at a T* 

= 0.77.  Table 4.4 provides information regarding the nanoparticle diameter, nanoparticle 

mass, nanoparticle hydrophobicity and the number of DPPC lipids present in each 

simulation. 
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Table 4.4:  The nanoparticle diameter, nanoparticle hydrophobicity, nanoparticle mass and 
number of DPPC lipids in each simulation. 
 

Run # 
Nanoparticle 

Diameter (Å) 

Nanoparticle 

Mass (amu) 
Hydrophobicity 

Number of 

DPPC lipids 

1 5 0.82 hydrophilic 1500 

2 5 43.6 hydrophilic 1500 

3 10 6.6 hydrophilic 1500 

4 20 52.5 hydrophilic 1500 

5 40 420.0 hydrophilic 1500 

6 40 4200.0 hydrophilic 1500 

7 60 1417.5 hydrophilic 1500 

8 100 6562.5 hydrophilic 4000 

9 5 43.6 hydrophobic 1500 

10 20 52.5 hydrophobic 1500 

11 5 0.82 hydrophobic 1500 

12 40 4200.0 hydrophobic 1500 

 

 

Figures 4.2 (a) – (h) provide snapshots of runs 1 – 8 (described in Table 4.4), respectively 

which describe the interaction between hydrophilic nanoparticles and lipid membranes.  It is 

apparent that nanoparticle size plays a major role in determining whether or not a hydrophilic 

nanoparticle will be wrapped by a lipid bilayer.  Nanoparticles with diameters of either 5 Å 
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or 10 Å (Figure 4.2a – 4.2c) embed themselves within the hydrophilic portion of the bilayers 

but do not get  wrapped.  Nanoparticles with diameters of 20, 40, 60 and 100 Å (Figure 4.2d 

– 4.2h) do get wrapped.  Two simulations were run on the 5 Å nanoparticles to determine 

how nanoparticle mass, 0.82amu or 43.6amu, affected the results.  Interestingly the mass 

difference in the two nanoparticles did not change the outcome.  In both of the simulations, 

the nanoparticles embedded themselves in the membrane next to the hydrophilic head groups 

of the lipids.  Simulations were also run to compare the behavior of nanoparticles with a 

diameter of 40 Å and a mass of 420.0amu or 4200.0amu. Again, there was no significant 

difference between the outcomes of the two simulations. We conclude that the nanoparticle 

mass per volume does not significantly the rate or extent to which a hydrophilic nanoparticle 

is wrapped by a DPPC bilayer. 
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Figure 4.2:  Snapshots of simulations run on the interaction between hydrophilic 
nanoparticles of different sizes and mass/volume with a DPPC bilayer membrane.  (a) run #1, 
(b) run #2, (c) run #3, (d) run #4, (e) run #5, (f) run #6, (g) run #7, (h) run #8.  The color 
scheme is:  purple (DPPC choline entity), orange (DPPC phosphate group), red (DPPC ester 
groups), cyan (DPPC alkyl tail groups), yellow (nanoparticles). 
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(a) 

 

(b) 

 

(c) 

 

(d) 
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(e) 

 

(f) 

 

(g) 

 

(h) 

 
  

 



 

122 

Figure 4.3 provides snapshots at different time points throughout run #6 in which a 

hydrophilic nanoparticle with a diameter of 40Å and mass of 4200 amu is wrapped by a 

bilayer.  At 25 million collisions (Figure 4.3a) the nanoparticle reaches the surface of the 

membrane and is subsequently wrapped by the bilayer in 4.3b (625 million collisions), 4.3c 

(1250 million collisions) and 4.3d (3250 million collisions).  The same wrapping process was 

observed for all other hydrophilic nanoparticles with a diameter greater than 20Å.  

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 4.3:  Snapshots from run #6 in which a hydrophilic nanoparticle with diameter 40Å is 
wrapped by a bilayer membrane.  The nanoparticle (a) reaches the surface of the bilayer at 25 
million collisions, the wrapping process at (b) 625 million collisions, (c) 1250 million 
collisions and (d) 3250 million collisions. 
 
 

Figure 4.4 provides simulation snapshots of a hydrophobic nanoparticle with a 

diameter of 20 Å and the DPPC bilayers at three different time points in run #10.  Figure 

4.4a shows the hydrophobic nanoparticle approaching the surface of the membrane after 25 

million collisions.  In Figure 4.4b the nanoparticle has entered the lipid bilayer at 50 million 

collisions, however, it is still interacting with both the hydrophilic head groups and 
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hydrophobic tails of the DPPC lipids.  Figure 4.4c shows the nanoparticle after it has 

completely embedded itself within the inner hydrophobic core of the membrane at 275 

million collisions.  In fact, the nanoparticle completely embeds itself within the membrane by 

75 million collisions; there is no visible change in the configuration between the 75 million 

and 275 million collisions.  Since this simulation ran at a rate of approximately 4 million 

collisions per hour, the time required for the nanoparticle to completely embed itself within 

the bilayer membrane is approximately 19 CPU hours. 

 

 

(a) 

 

(b) 

 

(c) 

Figure 4.4:  Snapshots from run #10 of a simulation of a hydrophobic nanoparticle with a 
diameter of 20Å and a DPPC bilayer composed of 1500 lipids.  The nanoparticle (a) reaches 
the surface of the bilayer after 25 million collisions, (b) is embedding itself within the 
membrane after 50 million collisions ,and (c) is fully embedded within the inner hydrophobic 
core of the membrane after 275 million collisions. 

   
 

Figure 4.5 provides simulation snapshots of a hydrophobic nanoparticle with a 

diameter of 40 Å and the DPPC bilayers at three different time points in run #12.  Figure 

4.5a shows the hydrophobic nanoparticle approaching the surface of the membrane after 50 
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million collisions.  In Figure 4.5b the nanoparticle has entered the lipid bilayer at 75 million 

collisions, however, it is still interacting with both the hydrophilic head groups and 

hydrophobic tails of the DPPC lipids.  Figure 4.5c shows the nanoparticle after it has 

completely embedded itself within the inner hydrophobic core of the membrane at 200 

million collisions.  In fact, the nanoparticle completely embeds itself within the membrane by 

125 million collisions; there is no visible change in the configuration between the 125 million 

and 200 million collisions.   

Figure 4.6 provides images from simulations of hydrophobic nanoparticles with 

diameters of 5Å from runs #9 and #11.  The nanoparticle mass is 43.6 amu and 0.82 amu in 

run #9 and run #11, respectively.  The way in which the nanoparticles entered the bilayers in 

each of these simulations appeared to be the same as in the simulations with larger 

nanoparticles (runs #10 and #12).  Therefore, we found that nanoparticle size does not affect 

the way in which hydrophobic nanoparticles penetrate the bilayer membrane.   

We also compared the time to entry for different sizes of nanoparticles.  We measure 

the time to entry as the time required for a nanoparticle to completely embed itself within a 

bilayer membrane after reaching the surface of the bilayer.  The time to entry for 

hydrophobic nanoparticles with a diameter of 5Å, 20Å and 40Å was approximately 10, 50 

and 75 million collisions, respectively.  We did not see a significant difference in the time to 

entry for runs #9 and #11, which were simulations of nanoparticles with diameters of 5Å and 

a mass of 43.6 amu and 0.82 amu, respectively. Since the 5Å nanoparticles entered the 

membrane so quickly it is difficult for us to determine if density plays a significant role in the 
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time to entry.  In the future we would like to compare the time to entry for hydrophobic 

nanoparticles with diameters larger than 5Å and different mass per volume densities.   

 

 

(a) 

 

(b) 

 

(c) 

Figure 4.5:  Snapshots from run #12 of a simulation of a hydrophobic nanoparticle with a 
diameter of 40Å and a DPPC bilayer composed of 1500 lipids.  The nanoparticle (a) reaches 
the surface of the bilayer after 50 million collisions, (b) is embedding itself within the 
membrane after 75 million collisions and (c) is fully embedded within the inner hydrophobic 
core of the membrane after 200 million collisions.   
 
 
 
 
 

 



 

126 

 

(a) 

 

(b) 

Figure 4.6:  Snapshots from simulations of hydrophobic nanoparticles with a mass of 43.6 
amu (a) and 0.82 amu (b).   
  

4.4 Conclusion 
 
 We describe the extension of LIME, an intermediate-resolution, implicit-solvent, 

coarse-grained model for phospholipid molecules to systems containing both phospholipids 

and nanoparticles.  For this work we chose to model the behavior of nanoparticles with a 

wide range of physical properties (sizes, densities and hydrophobicities) to gather 

preliminary data regarding the interaction between nanoparticles and lipid membranes in our 

LIME/DMD model.  The model is generic, meant to give insights into the general biophysics 

associated with nanoparticle-membrane interactions. For this reason, we cannot compare our 

findings to any specific nanoparticle/membrane system because the parameters that we used 

for the nanoparticle in this model were not based on experimental work or on atomistic 

simulation. 
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 We chose to study both hydrophilic and hydrophobic nanoparticles to ensure that 

LIME could accurately model the behavior of nanoparticles with different hydrophobicities.  

In this work we demonstrated that LIME can be used to model the process by which 

hydrophilic nanoparticles are either wrapped by a bilayer membrane or implant themselves 

on the surface of the membrane.  We also show how hydrophobic nanoparticles 

spontaneously penetrate the lipid bilayer to embed themselves within the membrane core.  

 Since this work was essentially a proof-of-method study to see if LIME/DMD 

simulations were capable of mimicking the adsorption of a nanoparticle by a lipid membrane, 

we designed our systems to require minimal computational resources which is why we 

limited the diameter of our nanoparticles to the size range of 5Å - 100Å.  In the future we 

would like to simulate systems with much larger nanoparticles (10nm – 100nm).  However, 

as the nanoparticle size increases it will be necessary to add more lipid molecules to our 

system so that there are sufficient lipids to wrap around the nanoparticle.  Also, as the size of 

our system increases the speed of the simulation will decreases and therefore it will take us 

more time to evaluate the behavior of the nanoparticles in these simulations.    Now that we 

have verified the ability of our model to properly simulate nanoparticle behavior, we are 

ready to invest the time required to model these larger systems.   

Nanoparticle size has also been shown to play a role in cellular uptake.  According to 

Nel and co-workers a threshold radius exists for every particle that is capable of entering a 

cell, below which cellular uptake is reduced.[1]  In addition, nanoparticles are thought to 

have optimal sizes which help to accelerate the wrapping process.[1,3,27] Values for the 

threshold radius and the optimal wrapping radius vary depending on nanoparticle properties.  
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We wanted to verify that our LIME/DMD simulations would show that a membrane would 

not wrap nanoparticles with a diameter below a critical value.  According to our results, a 

membrane will not wrap nanoparticles with a diameter less than 20Å.  Instead these 

nanoparticles simply embed themselves on the surface of the lipid bilayers.  In addition to 

investigating various sizes, nanoparticles with a wide range of mass per volume  (0.013 – 

0.67 amu/Å3) was studied.  We saw no difference in the results for  nanoparticles with 

different densities and the same diameter.  In the future, we plan to simulate the behavior of 

specific nanoparticle/membrane systems.  For this work, we plan to model the correct size, 

density and hydrophilicity of the nanoparticle.   

One advantage that our LIME/DMD model has over other coarse-grained models 

reported in the literature is its speed.  We demonstrated in our previous publication that 

LIME allows for the simulation of lipids at the fastest rate reported in the literature.[6]  

While the LIME/DMD model has many advantages for simulating the interaction between 

nanoparticles and lipid membranes it does have several disadvantages.  Some of these 

limitations include: (1) electrostatics is not represented explicitly, (2) the use of an implicit 

solvent approach means that diffusion and hydrodynamics are not well represented, and (3) a 

direct correlation between reduced temperature and real temperature can only be made at the 

temperature at which LIME was parameterized.   
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CHAPTER 5 
 

Discontinuous Molecular Dynamics Simulations of DNA Hybridization using “DIME,” 
a New Coarse-Grained Implicit-Solvent Model 

 

5.1 Introduction 
 
 The technological advances that have been made to date in the many fields of 

research aimed at exploiting the unique properties of DNA are astonishing.  For example, 

DNA microarrays are used to measure gene expression levels [1,2,3,4], a wide range of drugs 

that function by targeting DNA molecules have been developed [5,6,7], and DNA was 

recently shown to provide an information storage density of approximately 2.2petabytes/g[8].  

While significant progress has been made in discovering and exploiting the properties of 

DNA for a wide range of applications, much remains to be learned about its structure, 

function and properties.[9]  In order to fully realize the potential of the numerous emerging 

DNA technologies, a tool that would provide better understanding of DNA on a molecular 

level is needed.  Such a tool might aid scientists in their work to design selective sequences 

for DNA recognition, to improve our current ability to detect DNA damage and mutation, 

and to optimize DNA structure for specific protein or drug interactions.  One popular method 

that is currently used to study the behavior of biomolecules including DNA on a molecular 

level is computer simulation.[10,11,12,13]  

In this paper we use a multiscale modeling approach to develop a new implicit-

solvent intermediate-resolution model for DNA molecules.  We call this model “DIME” for 

DNA Intermediate Resolution Model.  The model system chosen for this study is the 
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Dickerson-Drew dodecamer duplex, which contains the strand CGCGAATTCGCG and its 

Watson-Crick complement.[14]  The multiscale modeling approach used here is very similar 

to the procedure we reported in our paper describing the development of the LIME force 

field for lipid molecules.[15]  DIME was designed to facilitate the simulation of systems 

containing large numbers of DNA molecules over long times scale while maintaining 

sufficient molecular detail to reproduce system dynamics.  Similar to LIME, the DIME force 

field is intended for use with discontinuous molecular dynamics (DMD), which is a very fast 

alternative to traditional molecular dynamics (MD).   

Molecular dynamics studies of nucleic acid systems can be divided roughly into two 

categories:  high-resolution and low-resolution models.  High-resolution or atomistic models 

are based on a realistic representation of molecular geometry and energetics.  The advantage 

of using atomistic models, which typically account for the motion of every single atom in a 

simulation, to investigate nucleic acid systems, is      the high level of detail that can be 

examined.  The disadvantage is that the simulations are generally restricted to stable 

structures, since processes such as self-assembly, transcription, replication and denaturation 

occur at longer time scales than those that can be feasibly modeled with current 

computational resource.   A nice example of an atomistic simulation of DNA is work by 

Mukherjee and co-workers, who simulated the insertion of an anticancer drug between a pair 

of base pairs [16], the aim being to inhibit DNA replication leading to cell death.  The 

simulations were carried out with the GROMACS simulation package [17] and the 

AMBER94 force-field.[18]  The simulation results suggest a mechanism by which the drug 
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first binds to the minor groove of DNA (where the backbones of the two strands are close 

together) and then intercalates into the DNA.[16]  

In contrast to high-resolution models, low-resolution or coarse-grained models use a 

simplified representation of molecular geometry and energetics.  In low-resolution models a 

single coarse-grained site typically represents the behavior of a group of atoms.  Knotts and 

co-workers present a coarse-grained model for DNA in which each nucleotide is represented 

by three interaction sites, one site each for the phosphate, sugar and base.[19]  This model 

was used to reproduce salt-dependent thermal melting, the dynamics of bubble formation, 

and the rehybridization process from a bubble structure.  (A bubble structure is a single-

stranded, melted region bounded on both sides by a double-stranded region.)[19] Sharma and 

co-workers developed a coarse-grained model to study the DNA-histone complex.[20]  Each 

nucleotide is represented by three coarse-grained spheres, one each for the sugar, phosphate 

and base molecules.  The discontinuous molecular dynamics algorithm was   used to simulate 

the interactions and dynamics of histone tails and DNA. The results show that the histone 

tails play an important role in stabilizing higher-order chromatin structure.[20] 

In this paper we report the first stages of development of a new, intermediate-

resolution, implicit-solvent model, “DIME”.  This new force field was derived using a 

multiscale-modeling approach.  Multiscale modeling is a method in which groups of atoms 

are represented by a single coarse-grained site and the parameters for these coarse-grained 

sites are calculated by extracting and analyzing data from atomistic simulations.  In DIME 

three coarse-grained sites are used to represent each nucleotide, one each for the sugar, 

phosphate and base.   This new model was designed for use with discontinuous molecular 
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dynamics (DMD), which is a fast alternative to traditional molecular dynamics.  In DMD, 

interactions between coarse-grained sites are represented by hard sphere and square well 

potentials as opposed to the Lennard Jones potentials used in traditional molecular dynamics 

simulations.  The DIME geometrical and energetic parameters for DNA are calculated from 

radial distribution functions obtained from a 10ns GROMACS [21] simulation with the 

Amber99sb forcefield [22] of a fully hydrated Dickerson-Drew dodecamer duplex at 300K.  

In our DIME/DMD simulations, the relative stiffness of the DNA strands are maintained by 

imposing pseudobonds, which limit the bond length fluctuations to the values observed in the 

GROMACS simulations.  Interaction energies between non-bonded coarse-grained sites are 

determined by calculating the potential of mean force using a one-step Boltzmann inversion 

scheme.[23,24]  We also investigate an alternative procedure for calculating the square-well 

width for each pair of interaction sites by setting the second virial coefficient associated with 

the potential of mean force between coarse-grained sites calculated in the atomistic 

simulation equal to the second virial coefficient for the site-site square-well potential.[25]  

Each coarse-grained site  in the model has its own realistic mass. 

Highlights of our results include the following; The model successfully simulates the 

spontaneous formation of a double-helical structure from two initially single-stranded 

Dickerson-Drew dodecamer chains placed at random in a simulation box.  The use of DMD 

with DIME allows us to observe the hybridization event within approximately 0.17 CPU 

hours.  DIME is fast enough to allow for the study of large systems and processes that occur 

over longer time scales, while providing the resolution or molecular detail required to 

describe events such as hybridization or protein binding.  In addition, an initial pre-formed 
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duplex structure remains stable in simulations run with parameters obtained using an 

alternative method to determine square-well widths. 

5.2 Model and Methods 
 
 In DIME six different coarse-grained types (S, P, C, G, A, T) are used to represent 

each DNA strand.  Types S and P represent the sugar and phosphate groups, respectively.  

The cytosine, guanine, adenine and thymine bases are assigned types C, G, A, and T, 

respectively.  Table 5.1 lists the mass and the atoms included in each coarse-grained type.  

For this preliminary model, terminal nucleotides are assigned the same coarse-grained types 

as non-terminal nucleotides.    

 

Table 5.1:  The type, number of atoms and mass for all of the coarse-grained molecules in 
the DIME model 
 

Coarse-Grained 

Molecule 

Coarse- 

Grained 

Type 

Atoms per  

Coarse-Grained  

Type 

Mass of  

Coarse-Grained  

Type (amu) 

Sugar S 5C + 2O + 7H 99.106 

Phosphate P 1P + 3O 78.970 

Cytosine C 4C + 3N + 1O + 4H 110.102 

Guanine G 5C + 5N + 1O + 4H 150.132 

Adenine A 5C + 5N + 4H 134.132 

Thymine T 5C + 2N + 2O + 5H 125.110 
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Figure 5.1 illustrates the coarse-graining of a Dickerson-Drew dodecamer duplex from 

758 atoms to the 70 coarse-grained sites in the DIME representation.  This figure and all 

other figures that are presented throughout the paper were generated with Visual Molecular 

Dynamics (VMD).[26] 

 

 

 

Figure 5.1:  (a) Atomistic and (b) coarse-grained representation of a Dickerson-Drew 
dodecamer duplex.  The color scheme for the coarse-grained representation is; cyan (sugar 
group – type S); red (phosphate group – type P); white (cytosine and guanine bases – types 
C&G); blue (adenine and thymine bases – types A&T).  The coarse-grained size does not 
represent the actual size of each site. 
 

 

We employ discontinuous molecular dynamics (DMD) to increase the speed of our 

code.[27,28]  DMD is a very fast alternative to traditional molecular dynamics simulation but  

is applicable only to systems of molecules that interact via discontinuous potentials, e.g., 
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hard-sphere and square-well potentials.  For this reason, all of the inter-and intra- molecular 

interactions in our DNA model are represented by a combination of hard-sphere and square-

well potentials, as opposed to the Lennard Jones, Coulombic and harmonic potentials found 

in traditional molecular dynamics simulations.  Expressions for the hard sphere (HS) and 

square well (SW) potentials between spheres i and j are, respectively: 

    Equation 1 

  Equation 2 

where r is the distance between spheres, σij is the hard sphere diameters, σλij is the well 

diameter and εij is the well depth.  Unlike traditional molecular dynamics simulations on 

systems with continuous potentials in which Newton’s equation of motion must be solved at 

small time steps, DMD is event driven, meaning that forces only occur when particles 

collide.  This can lead to a significant increase in speed, allowing sampling of much wider 

regions of conformation space, longer time scales and larger systems than in traditional 

molecular dynamics.  Throughout the simulation the particle trajectories are followed by 

calculating the time between each collision and advancing the simulation to the next event.  

Types of events include a collision between two spheres (hard-sphere collision), a bond event 

when the distance between two bonded spheres reaches a minimum or maximum limit, and a 

square-well event when two spheres enter (capture), unsuccessfully attempt to escape 

(bounce) or successfully leave (dissociate) from a square-well attraction.[27,28,29,30]  Our 
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DIME/DMD simulations are performed in the canonical ensemble ; the number of particles, 

temperature and  volume are held constant.   

Data used to calculate the coarse-grained parameters was obtained by running an 

explicit-solvent NPT ensemble GROMACS simulation of the Dickerson-Drew dodecamer 

duplex.  The GROMACS simulation package [21,31], version 4.5.4, was used with the 

Amber99sb forcefield.[22]  The initial configuration of this system was the duplex 

conformation in a box with equal sides of length 70.0 Å.  The Berendsen thermostat [32] was 

used to keep the temperature constant at 300K throughout the simulation with a time constant 

of 0.1ps.  The simulation was run for 10ns with a time step of 0.002 ps for approximately 12 

hours.  Periodic boundary conditions were applied and the pressure was maintained at 1.0 

bar.  Throughout the GROMACS simulations the coordinates of each atom were written to 

an output trajectory file every 1 ps.   

5.3 Results and Discussion 
 
 The DIME interaction energies were determined using a one-step Boltzmann 

inversion procedure described in detail in our previous work.[15]  This procedure was 

inspired by the iterative Boltzmann inversion scheme, which is a popular strategy used to 

systematically compute potentials for coarse-grained simulations.[23,24]  The one-step 

Boltzmann inversion procedure involves the following steps:  (1) the average radial 

distribution function between two non-bonded coarse-grained sites is determined, (2) the 

potential of mean force is calculated using ,  

U(r) = -kBTln[g(r)]        Equation 3 
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and (3) the minimum value of the potential of mean force between the coarse-grained sites, ε, 

is chosen to be the depth of the square well potential.   

Mathematically, ε is expressed as: 

ε = -kBTln[g(r)MAX]  Equation 4 

where g(r)MAX is the maximum value of g(r) in the radial distribution function and T is the 

temperature of the system.  If the ε between two coarse-grained sites is greater than -

0.005eV, the sites are assumed to have a hard-sphere interaction (ε=0.0eV). 

 The one-step Boltzmann inversion scheme was used to calculate the ε between all 

intermolecular coarse-grained sites.  The ε for any pair of coarse-grained types was chosen as 

the lowest value of ε (largest well depth) calculated for coarse-grained site pairs of that type.  

For example, coarse-grained sites 14&17 are both coarse-grained type A and coarse-grained 

sites 20&23 are both coarse-grained type T.  Therefore, coarse-grained site pairs 14&20, 

14&23, 17&20, and 17&23 all represent coarse-grained pairs of type A&T.  The ε values for 

coarse-grained sites 14&20, 14&23, 17&20, and 17&23 were -0.0847, -0.1355, -0.1374 and -

0.1048eV.  Therefore, we used -0.1374eV as our ε value for coarse-grained types A&T.  We 

chose to select our ε values following this procedure because we found that there were some 

large discrepancies between the ε values for pairs of coarse-grained sites.  The reason for this 

is that some of the coarse-grained sites did not get a chance to interact often during the 

GROMACS simulation because they were relatively far apart and therefore had less negative 

ε values (smaller well depths) than the coarse-grained sites of the same type that did interact 

frequently.  This suggests that the coarse-grained sites that have the smallest ε values (largest 
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well depths) provide the most accurate value for the ε value between a pair of coarse-grained 

types.  In the future we hope to eliminate large differences between ε values for coarse-

grained sites of the same type by running longer GROMACS simulations.  

 After determining which coarse-grained sites to choose our ε value from, we used the 

same coarse-grained sites to calculate the hard-sphere diameter (σHS). For example, the σHS 

determined for coarse-grained sites 17&20 was used as our σHS for coarse-grained types 

A&T.  The σHS between two coarse-grained sites was determined by locating the smallest 

non-zero separation between the two sites.  The square-well (σλ) width for each pair of 

coarse-grained types was determined following the procedure described in our previous 

work.[15] 

Table 5.2 provides the hard-sphere diameters, square-well widths and interaction 

energies for each pair of intermolecular coarse-grained types.  Table 5.3 provides the hard 

sphere diameters, square-well widths and interaction energies for each pair of non-bonded 

intramolecular coarse-grained types. 
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Table 5.2:  The hard-sphere diameters, square-well widths and interaction energies for each 
pair of intermolecular coarse-grained types. 
 

CG 
Type 

i 

CG 
Type 

j 

Intermolecular 
σij (Å) 

Intermolecular 
εij (eV) 

Intermolecular 
σλij (Å) 

S S 6.975 -0.07763 9.355 
S P 7.645 -0.06670 10.905 
S C 9.985 -0.09912 11.045 
S G 8.825 -0.10014 10.085 
S A 9.205 -0.09699 10.465 
S T 10.245 -0.09670 11.325 
P P 10.035 -0.05544 12.275 
P C 11.425 -0.07265 13.605 
P G 10.245 -0.07248 12.825 
P A 10.435 -0.07685 12.535 
P T 11.485 -0.07206 13.385 
C C 5.285 -0.09196 7.905 
C G 5.295 -0.14460 5.875 
C A 4.385 -0.09881 6.785 
C T 9.255 -0.07231 10.855 
G G 3.765 -0.10682 6.705 
G A 6.505 -0.08965 8.405 
G T 5.625 -0.07640 7.645 
A A 6.105 -0.10273 7.525 
A T 5.725 -0.13741 6.265 
T T 5.555 -0.10391 7.855 
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Table 5.3:  The hard-sphere diameters, square-well widths and interaction energies for each 
pair of non-bonded intramolecular coarse-grained types.  
 

CG 
Type 

i 

CG 
Type 

j 

Intramolecular 
σij (Å) 

Intramolecular 
εij (eV) 

Intramolecular 
σλij (Å) 

S S 10.445 -0.07809 12.125 
S P 12.575 -0.06308 15.815 
S C 7.065 -0.07440 10.205 
S G 8.875 -0.07262 11.995 
S A 8.545 -0.07823 10.645 
S T 8.815 -0.07629 10.935 
P P 10.025 -0.06778 14.325 
P C 7.445 -0.07289 10.715 
P G 8.605 -0.08029 10.625 
P A 8.835 -0.08030 10.735 
P T 9.255 -0.07959 11.155 
C C 6.785 -0.09168 10.975 
C G 3.125 -0.14972 3.925 
C A 6.635 -0.09155 8.295 
C T 3.365 -0.12875 4.665 
G G 6.545 -0.09965 7.945 
G A 3.205 -0.14155 4.145 
G T 6.915 -0.08338 8.615 
A A 3.265 -0.14013 4.405 
A T 3.195 -0.14607 3.935 
T T 3.275 -0.13583 4.535 

 

 

 The minimum and maximum bond lengths between bonded coarse-grained sites were 

also determined from the radial distribution functions.  The minimum bond length (σMIN) was 

chosen as the smallest possible distance between two bonded coarse-grained sites.  The 

maximum bond length (σMAX) was chosen as the largest possible distance for which a non-

zero g(r) was observed.  The σMIN and σMAX for a pair of coarse-grained types was chosen as 

the σMIN and σMAX from the pair of coarse-grained sites with the most restrictive σMIN and 
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σMAX values.  By most restrictive we mean the pair of σMIN and σMAX values that allow the 

smallest bond fluctuation.  Table 5.4 shows the σMIN and σMAX for each pair of coarse-

grained types.  The relative stiffness of a DNA strand was maintained by imposing 

pseudobonds, which limit the fluctuation of coarse-grained sites to the angles and torsional 

angles observed during the GROMACS simulation.  Bond angles were maintained by 

imposing pseudobonds between all next-nearest neighboring sites.  Torsional angles were 

maintained with pseudobonds between all next-next nearest neighboring sites.  The minimum 

and maximum pseudobond lengths were determined from the associated radial distribution 

functions.  The minimum pseudobond length for a pair of coarse-grained sites was chosen as 

the smallest possible distance for which a non-zero g(r) was detected.  The maximum 

pseudobond length for a pair of coarse grained sites was chosen as the largest distance at 

which a non-zero g(r) was observed.  The pair of coarse-grained sites with the most 

restrictive pseudobond values (smallest distance between minimum and maximum 

pseudobond lengths) was chosen to represent the pseudobond lengths for a pair of coarse-

grained types.  Table 5.5 provides the minimum and maximum pseudobond lengths for bond 

angles between pairs of different coarse-grained types.  Table 5.6 provides the minimum and 

maximum pseudobond lengths for the torsional angles between pairs of different coarse-

grained types. 
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Table 5.4:  Minimum and maximum bond lengths for pairs of coarse-grained types 
 

Bonds 

Minimum 

Bond Length 

(σMIN) (Å) 

Maximum 

Bond Length 

(σMAX) (Å) 

  Si – Pi+1 3.495 3.875 

Pi – Si  3.945 4.605 

Si – Ci  4.345 4.875 

Si – Gi  4.915 5.475 

Si – Ai  4.855 5.375 

Si - Ti 4.465 4.945 
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Table 5.5:  Minimum and maximum bond lengths for bond angles between different pairs of 
coarse-grained types 
 

Bond Angles 

Minimum 

Pseudobond 

Length (Å) 

Maximum 

Pseudobond 

Length (Å) 

Si – Pi+1 – Si+1 5.255 6.645 

Pi – Si – Pi+1 6.075 7.715 

Ci – Si – Pi+1 6.485 7.995 

Gi – Si – Pi+1 6.915 8.445 

Ai – Si – Pi+1 6.805 8.195 

Ti – Si – Pi+1 6.725 7.915 

Pi – Si - Ci 5.695 8.285 

Pi – Si - Gi 6.225 9.105 

Pi – Si - Ai 6.075 8.885 

Pi – Si - Ti 5.615 8.065 
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Table 5.6:  Minimum and maximum bond lengths for torsional angles between different 
pairs of coarse-grained types 
 

Torsional Angles 

Minimum 

Pseudobond 

Length (Å) 

Maximum 

Pseudobond 

Length (Å) 

Si – Pi+1 – Si+1 – Pi+2 8.595 10.095 

Pi – Si – Pi+1 – Si+1 8.865 10.885 

Ci – Si – Pi+1 – Si+1 5.525 8.705 

Gi – Si – Pi+1 – Si+1 5.305 8.125 

Ai – Si – Pi+1 – Si+1 5.395 7.905 

Ti – Si – Pi+1 – Si+1 5.895 8.185 

Si – Pi+1 – Si+1 – Ci+1 5.495 8.185 

Si – Pi+1 – Si+1 – Gi+1 5.665 8.765 

Si – Pi+1 – Si+1 – Ai+1 5.375 8.325 

Si – Pi+1 – Si+1 – Ti+1 5.445 7.695 

 

 

 Simulation temperature in LIME is expressed in terms of the reduced temperature, 

T*, which is defined to be: 

T*= kBT/ε*  Equation 5 

where kB is Boltzmann’s constant, T is the temperature, and ε* is the reference interaction 

strength.[33]  The reference interaction strength, ε*, is chosen as the absolute value of the 
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largest well-depth.  For this work, ε*=0.1446eV, which is the absolute value of the largest 

interaction energy between site types C&G.  Thus, T* = kBT/ε* = (8.6173x10-

5eV/K)*(325K)/(0.1446eV) = 0.2 in our DIME/DMD simulations.  The Andersen thermostat 

is used to hold the temperature constant.[34]  In this method randomly selected particles 

collide infrequently with ghost particles, effectively reassigning the particle’s velocity 

randomly so as to maintain a Maxwell-Boltzmann distribution centered at the simulation 

temperature.  All DIME/DMD simulations were run with a DMD software program 

developed in the Hall research lab called EMBLEM.  This program is written in C++.  The 

Intel compiler was used to compile this code and all other codes used in the development and 

analysis of DIME.  All simulations were run in serial. 

 To study the DNA hybridization process, five independent DMD simulations were 

run starting from different random configurations of two single Dickerson-Drew dodecamer 

strands at a T*=0.2.  The starting configurations for these stands were obtained by coarse-

graining the atomistic coordinates from one of the trajectories saved from the Dickerson-

Drew dodecamer duplex GROMACS simulation.  The lengths of the sides of the simulation 

cell were set to 70Å.  A double helix was formed in all five simulations.  The average time 

required to form the double helix was approximately 0.17 CPU hours.  Snapshots of one 

system at (a) 680,027,000 (b) 685,726,000 (c) 685,833,000 (d) 685,997,000 (e) 686,139, 000 

(f) 689,497,000 collisions during the simulation are provided in Figure 5.2.  The following 

color scheme is used to represent each of the coarse-grained types: S (blue), P (green), C 

(yellow), G (orange), A (pink), T (magenta).  The two strands first come into contact at 
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approximately 685,726,000 collisions and require approximately 3,771,000 collisions to 

complete the formation of the duplex structure.  
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Figure 5.2:  Snapshots from a simulation of the spontaneous formation of a Dickerson-Drew 
dodecamer duplex formation.  The following color scheme is used to represent each of the 
coarse-grained types: S (blue), P (green), C (yellow), G (orange), A (pink), T (magenta).  (a) 
– (f) = 680,027,000, 685,726,000, 685,833,000, 685,997,000, 686,139, 000 and 689,497,000 
collisions.  The system is started from a random configuration.  (a) After 680,027,000 
collisions the strands have not yet begun to interact.  (b) After 685,726,000 collisions the 
strands contact  each other (f) After approximately 3,771,000 collisions the duplex is formed 
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(a) 

 

(b) 

 

(c) 

 

(d) 



 

151 

 

(e) 

 

(f) 
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Calculating Lamda Using the 2nd Virial Coefficient 

 We chose to investigate an alternative  procedure for calculating the square-well 

diameter (σλ) for each pair of interaction sites by setting the second virial coefficient 

associated with the potential of mean force between coarse-grained sites calculated in the 

atomistic simulations equal to the second viral coefficient for the site-site square –well 

potential. Recall that the second virial coefficient, B2(T) for a system of molecules 

interacting via a potential u(r) is given by:  

   Equation 6 

where k is the Boltzmann constant, and T is the temperature.  If we take u(r) to be the 

potential of mean force calculated  using equation (3) then this becomes: 

   Equation 7 

where g(r) is the radial distribution function, r is the radius, σ is the hard-sphere diameter 

also referred to as σHS, k is the Boltzmann constant, and T is the temperature.[25]  If instead 

we take u(r) to be a square well potential  as given in equation (2) we obtain the second virial 

coefficient for a square-well interaction: 

   Equation 8 

where bO = 2πσ3/3 and β=-1/(kT). We determined the value of λ by the following steps. First 

we numerically integrated the 2nd virial coefficient in Equation 7 using the trapezoid rule.  

The g(r) for the coarse-grained sites evaluated to determine the σHS and ε values for a given 

pair of coarse-grained types was used.   The integral was truncated after the first peak at the 

first value of r where g(r) was less than 1. The square–well B2(T)  (Equation 8) was set equal 



 

153 

to the value calculated from Equation 7.  The σHS and ε values previously calculated for a 

pair of coarse-grained types were used to determine λ.  Once λ was calculated it was 

multiplied by σHS to determine the σλ for a coarse-grained type pair.  The reason that we 

truncated our values of g(r) in evaluating Equation 7 is that the simulation values of g(r) did 

not approach 1 as r goes to infinity. Instead they went to 0 due to finite size effects. The 

reason for this is that the only molecules in our system are in the duplex: there are no bulk 

molecules in the simulation cell.  This is why it was necessary to truncate the integral used to 

calculate the 2nd virial coefficient before g(r) reached 0.  Table 5.6 provides the values for 

the intermolecular and intramolecular square-well diameters calculated from the 2nd virial 

coefficient method. 
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Table 5.7:  The intermolecular and intramolecular square-well diameter calculated from the 
2nd virial coefficient method. 
 

CG 
Type 

i 

CG 
Type 

j 

2nd Virial 
Intermolecular 

σ λij (Å) 

2nd Virial 
Intramolecular 

σ λij (Å) 
S S 8.215 11.090 
S P 9.056 14.635 
S C 10.320 8.388 
S G 9.232 9.877 
S A 9.625 9.455 
S T 10.590 9.742 
P P 11.295 12.635 
P C 12.084 8.773 
P G 11.046 9.433 
P A 11.105 9.641 
P T 12.152 10.015 
C C 6.567 7.652 
C G 5.504 3.571 
C A 5.727 7.545 
C T 10.210 4.157 
G G 5.070 7.253 
G A 7.497 3.769 
G T 7.507 8.022 
A A 6.818 3.840 
A T 5.961 3.683 
T T 6.364 3.932 

 

 

 A test DMD simulation was run using the new σλ calculated using the 2nd virial 

coefficient.  This simulation was started from a preformed Dickerson-Drew dodecamer 

duplex to test if the new σλ values would allow the duplex to remain intact.  The 

coordinates for the initial duplex were taken from one of the DMD/DIME simulations 

discussed previously.  The simulation cell length was 70Å and the reduced temperature 

was set to 0.2.  The duplex did not remain intact and the two strands separated.  We 
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decided to repeat this simulation at a lower reduced temperature of 0.05.  This reduced 

temperature was chosen arbitrarily, to test whether or not the duplex would hold at a 

much lower reduced temperature than the previously tested reduced temperature of 0.2.  

Again, the simulation was started from a preformed Dickerson-Drew dodecamer duplex 

in a cell with equal sides of 70Å.  This simulation was run for 20 million collisions and 

the duplex remained intact throughout this simulation.  Figure 5.3 shows a snapshot of 

the duplex structure that was maintained throughout this simulation.  The color scheme 

is the same as in Figure 5.2.  

 

 

Figure 5.3:  Snapshot from a simulation started from a Dickerson-Drew dodecamer duplex at 
T* = 0.05.  The color scheme for each coarse-grained type is as follows:  S (blue), P (green), 
C (yellow), G (orange), A (pink), T (magenta). 
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Next, we ran 3 replicate simulations to determine if the intermolecular and 

intramolecular σλ values calculated using the second virial coefficient method would result 

in the spontaneous formation of a duplex.  The starting configuration for this simulation was 

two Dickerson-Drew dodecamer strands placed randomly in a cell with equal lengths of 70Å.  

The geometry for these strands was obtained by coarse-graining the atomistic coordinates 

from one of the trajectories saved from the GROMACS simulation.  The simulation was run 

at T* = 0.05.  A duplex did not form during any of the replicate simulations which were each 

run for 1 billion collisions. Instead, the two DNA strands formed a structure, similar to the 

one shown in Figure 5.4 in all three replicate simulations almost immediately after coming 

into contact.  In this structure, some of the terminal bases on one strand appear to interact 

with a few of the terminal bases on the other strand.  In addition, some of the bases on each 

strand appear to have intramolecular interactions with each other. One concern that we do 

have is the extremely fast rate (almost immediately after coming into contact) at which the 

DNA strands formed the structure shown in Figure 5.4.  It is possible that a T* = 0.5 is 

forcing the strands to freeze in a conformation instead of allowing them to adopt a helical 

duplex structure.  In the future we plan to run simulations using the parameters calculated 

from the second virial coefficient method at a range of reduced temperatures.   
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Figure 5.4:  Snapshot at 300 million collisions of the structure formed during a simulation 
that started from an initial random configuration of two Dickerson-Drew dodecamer strands 
at a T*=0.05 in a cell with equal box lengths of 70.Å The color scheme for each coarse-
grained type is as follows:  S (blue), P (green), C (yellow), G (orange), A (pink), T 
(magenta). 
 

5.4 Conclusion 
 We described the development of DIME, an intermediate-resolution, implicit-solvent, 

coarse-grained model for DNA designed for use with discontinuous molecular dynamics.  In 

DIME, each nucleotide is represented by 3 coarse-grained sites.  Each of these sites is 

assigned 1 of 6 different types:  the sugar entity, the phosphate group, or the cytosine, 

guanine, adenine or thymine base.  The “DIME” parameters were obtained using a multiscale 

modeling approach in which the geometric and energetic parameters were calculated from 

data collected from a GROMACS simulation of a Dickerson-Drew dodecamer duplex.  A 

one-step Boltzmann inversion approach, which is a simplified version of the iterative 
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Boltzmann inversion scheme, was used to calculate the depth of the square well interactions 

in the model.   

 Two methods were used to calculate λ values for this model.  In the first method the 

σλ values are chosen by examining the radial distribution functions between pairs of non-

bonded coarse-grained sites in the GROMACS simulation of the duplex.  In the second 

method the σλ values are calculated using the second virial coefficient.  In this procedure the 

λ values are calculated by setting the second virial coefficient associated with the potential of 

mean force between coarse-grained sites calculated in the atomistic simulations equal to the 

second virial coefficient for the site to site square-well potential.  Simulations run using the 

intermolecular and intramolecular λ values calculated using the first method showed the 

formation of a duplex starting from an random initial configuration of two Dickerson-Drew 

dodecamer strands.  A simulation run using the σλ values calculated with the 2nd virial 

coefficient that started from an initial duplex structure showed that the duplex structure was 

maintained throughout the simulation.  However, preliminary simulations run using σλ 

values calculated with the 2nd virial coefficient starting from random configurations of 

Dickerson-Drew dodecamer strands did not spontaneously form a duplex. 
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CHAPTER 6 

Future Work 
 

We developed new intermediate-resolution implicit-solvent models for lipids, 

“LIME,” and DNA molecules, “DIME, “ designed for use with discontinuous molecular 

dynamics (DMD) simulations. We applied LIME to study the spontaneous formation of lipid 

bilayers, the behavior of mixed lipid systems at different pH values and the interaction 

between membranes and nanoparticles. DIME was used to investigate the structural 

properties of DNA and the process by which two DNA strands hybridize in solution.  In this 

chapter we discuss possible directions for future work based upon our findings in Chapters 2 

through 5. 

6.1 Investigation of the Change in Orientation Observed for DSPS Lipids in 
21PC/DSPS Bilayers at Low pH 
 
 In one of simulations of 21PC/DSPS at low pH, the DSPS lipids changed their 

orientation with respect to the bilayer from a vertical alignment with the z-axis to a 

horizontal alignment.  This realignment was not seen in any of the neutral pH simulations of 

DPPC/DSPS or 21PC/DSPS or in any of the low pH simulations of DPPC/DSPS.  This 

realignment of DSPS chains may have inflated the numbers of DSPS lipids with a DSPS 

nearest neighbor that we calculated for our 21PC/DSPS low pH system.  We plan to 

investigate why the realignment of the DSPS lipids occurred.  We will attempt to determine 

if our interaction energies at low pH are too large or if our square-well widths are too wide.  
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We will also run simulations to ensure that this realignment is not an artifact of the small 

system size that we are using to study the phase separation in bilayers. 

6.2 Expanding LIME to Include Parameters for Cholesterol 
 
 LIME simulations of DPPC/DSPS bilayers showed similar levels of phase separation 

at both neutral and low pH.  In addition, with the exception of the snapshot of the 

21PC/DSPS system at low pH in which the DSPS lipids changed their orientation with 

respect to the bilayer, snapshots of 21PC/DSPS bilayers also showed approximately the same 

levels of phase separation at both neutral and low pH.  This is similar to the experimental 

findings of Sofou and co-workers who found that liposomes composed of DOPC and DSPS 

without cholesterol had the same level of phase separation at pH values of 5.0, 6.0 and 

7.0.[33]  Their results also showed that liposomes composed of DOPC, DSPS and cholesterol 

had a higher level of phase separation at a pH of 5.0 than at a pH of 7.0.  Therefore, it 

appears that cholesterol plays an important role in the phase separation process for PC and 

PS lipids.  In the future we would like to use our multi-scale modeling approach to extract 

LIME parameters for cholesterol from atomistic simulations.   This would allow us to run 

simulations to try to understand more about the interaction between cholesterol and lipids on 

a molecular level and how cholesterol affects the phase separation between PC and PS lipids 

at different pH values. 

6.3 Expanding LIME to Include Coarse-Grained Parameters for Doxorubicin 
 
 In the future we would like to run atomistic simulations to obtain coarse-grained 

parameters for doxorubicin molecules.  Currently, in our simulations of liposomes containing 
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doxorubicin we use an atomistic representation of doxorubicin to model the drug geometry.  

In this representation 67 sites are used to represent each doxorubicin molecule.  These sites 

are connected in such a way that the molecule is relatively inflexible.  All interactions 

between the lipids and doxorubicin molecules are modeled as hard sphere potentials.  We 

would like to run atomistic simulations of doxorubicin/lipid systems so that we can 

determine square-well parameters for lipid/doxorubicin and doxorubicin/doxorubicin 

interactions.  This will help us to more accurately model the behavior of these drug 

molecules in liposomal systems and make our simulations more realistic. 

6.4 Applying LIME to Simulate the Behavior of a Specific Nanoparticle/Membrane 
System 
 
 We would like to perform nanoparticle/bilayer simulations that represent realistic 

systems.  In this work we demonstrated how LIME/DMD simulations were capable of 

mimicking the way in which bilayers wrap hydrophilic nanoparticles and how hydrophobic 

nanoparticles directly penetrate membranes to embed themselves within the inner 

hydrophobic core.  Now that we have verified the ability of our model to properly simulate 

nanoparticle behavior, we are ready to invest the time required to model larger systems.  In 

the future we would like to simulate systems with much larger nanoparticles (10nm – 

100nm).  We would also like to study the merging of two membranes, including  the process 

that occurs when a liposome reaches the surface of a membrane. 

6.5 Further Refinement of DIME 
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 In the multi-scale modeling procedure used in DIME, the coarse-grained parameters 

were extracted from a single atomistic simulation of a Dickerson-Drew dodecamer duplex in 

explicit solvent.  While we were able to show that these parameters could be used to 

successfully model the hybridization of two single DNA strands, it would be better to 

calculate the DIME parameters from a larger number of atomistic simulations that contain 

different DNA sequences, different lengths of DNA strands, and multiple single strand 

systems as well as duplexes.  This will help us to ensure that we are accurately 

parameterizing the DNA molecules.    In addition to refining our DIME parameters based on 

a larger number of atomistic simulations, we would like to further explore the use of the 

second virial coefficient method to obtain square-well widths.  We were able to show that 

square-well widths calculated using the second virial coefficient maintained the helical 

structure in a simulation started from an initial duplex conformation.  However, the 

parameters did not result in the spontaneous formation of a double helix.  We would like to 

investigate why simulations with the second virial coefficient square-well widths did not 

succeed in predicting bridization .  We will try to determine if the parameters can be refined 

to better model the duplex formation process.  We will also run simulations to ensure that the 

structure that we do see form is not  a consequence of looking at a reduced temperature that 

is too high. . 
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