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CHAPTER 1: INTRODUCTION 

1.1. CLASSICAL MOLECULAR DYNAMICS  

Classical molecular dynamics (MD) can provide information about the dynamics 

of proteins or other biological systems with the atomistic level details at a femtosecond 

or picosecond time resolution. (Hollingsworth 2018, Hospital 2015, Dror 2012) Though 

quantum mechanics can provide valuable information at a subatomic level by solving 

Schrödinger equation, classical MD is more practical for biological complexes because 

it is far more efficient while is able to show details at atomic level.  

In general, MD is a computational method to give a view of the dynamic 

evolution of the system at atomic or molecular level. In a classical MD simulation, the 

interactions between particles are described by the parameters and the energy function of 

a force field. A typical force field usually includes the terms of bond term, angle term, 

dihedral term, and nonbonded term (electrostatic and van der Waals forces). The 

parameters of a fore field are usually obtained from quantum mechanical computations 

and experimental measurement. The position and velocity of each particle is calculated 

of a particle is determined by its velocity and spatial coordinate. At each time step, the 

status of a particle is calculated by numerical solution of Newton's equations of motion. 

An example of the algorithm is shown in the flowchart in Fig. 1.1. As a result, MD 

simulations provide the time evolution of the whole system. An intuitive idea to model a 

system is to represent each atom by one bead in simulation. Different types of bead can 

be defined to indicate the elements and various properties. The modeling method of 
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showing all atoms in the system is called all-atom (AA), to distinguish from course-

grained (CG, see Section 1.2) and all-atom/coarse-grained (AACG, see Section 1.3). 

 

Figure 1.1. Illustration of the basic Molecular Dynamics algorithm (Verlet 
algorithm). 

Reprint from Ref. (Hospital 2015). 
 

The Nobel Prize in Chemistry 2013 was awarded jointly to Drs. Martin Karplus, 

Michael Levitt and Arieh Warshel for developing multiscale models for complex 

chemical systems. They have laid the foundation for MD simulations in the 1960s (Lifson 

1968, Levitt 1969). However, in the 1970s, MD was first used in a protein simulation 

(McCammon 1977). It is a simple model containing only a protein of 58 amino acid 

residues without hydrogen atoms. The potential energy was represented by a sum of 
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terms associated with bond lengths, bond angles, dihedral angles, hydrogen bonds, and 

non-bonded (van der Waals and electrostatic) interactions. (McCammon 1977). MD is 

often used to study the conformational changes of proteins and biological complexes, 

such as G protein-coupled receptors (GPCRs). (Liao 2017, Liao 2017, Yuan 2014) 

Because of the high temporal resolution, it is able to capture any conformational state 

within the transitional pathways. MD can also be used to reveal protein-ligand binding 

sites or binding orientations. Applications such as free energy perturbation or potential 

of the mean force can quantitively reveal the binding force between proteins and ligands 

(Zeevaart 2008, Cournia 2017, You 2019). Finally, as the force field covers more types 

of molecule, MD is capable of simulating nucleic acids, membrane lipid, and polymers. 

(Zhang 2015, Venable 2019) 

The improvement of MD capacity is closely related to computational hardware. 

In our research, GPU servers can speed up the simulation up to 10- to 102- fold than CPU 

servers (Table 1.1). Also, people have developed different low-resolution models to 

further improve the efficiency with acceptable loss of accuracy, such as CG model, and 

AACG model. Usually the AA models are able to cover the time scales of 10-11 ~ 10-6 

s and length scales of 10-9 ~10-7 m, while CG can be used to simulate larger systems at 

longer time scales with the sacrifice of details (Fig. 1.2).  
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Figure 1.2. Application ranges for molecular modeling at different resolutions.  

 

Table 1.1. The benchmarks of MD on CPUs vs GPUs.  

The system includes 4-mellitin or 27-melittin, as well as solvent. Analysis of simulation 
efficiency on CPUs (Intel E5-2650 v4) and GPGPUs (GeForce GTX 1080 Ti) using the 
software program Desmond (AACG and AA) and GROMACS (CG). 

 4-melittin  27-melittin 

 AACG AA  CG AACG AA 

Number of Atoms ~24,000 ~65,000  ~120,000 ~180,000 ~510,000 

Performance on CPUs (ns/day) 36.3 11.4  389 8.7 1.5 

Performance on GPGPUs 

(ns/day) 
6327 175  - 112 19.3 
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1.2. MULTISCALE MOLECULAR MODELS 

An intuitive idea to model a system is to represent each atom by one bead in 

simulation. Different types of bead can be defined to indicate the elements and various 

properties. The modeling method of showing all atoms in the system is called all-atom 

(AA), to distinguish from course-grained (CG) and all-atom/coarse-grained (AACG). 

Though the representation method of atoms of AA model are unique, there are various 

force fields comes from different optimizations, such as OPLS(Harder 2016), 

CHARMM(Best 2012), etc. Because of its fine representation of atoms, AA models 

usually provide most accurate results while it is also most time-consuming method. 

Therefore, AA models may not always be the priority choices, given the current 

computational techniques. The demand of simulating biological systems at large time 

scales or spatial scales promote the development of low-resolution models, such as CG 

and AACG.  

The representation of atoms in CG models are coarser than AA models. Usually, 

a CG bead is a pseudo-atom representing for a group of atoms at their center of mass. 

(Fig. 1.3) As a result, the degrees of freedom are reduced. Usually the CG force fields 

are optimized to match AA force fields. It leads to a smoother surface of energy surface. 

Therefore, conformational change can overcome energy barrier easier, (Fig. 1.3) and thus 

it is capable of a longer simulation or larger system than AA.  
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Figure 1.3. All-atom versus coarse-grained mapping and energy landscape.  

The figure illustrates the effect of the smoothening of the energy landscape in a coarse-
grained model as compared to an all-atom model. The flattening enables efficient 
exploration of the energy landscape in search for the global minima, while avoiding traps 
in the local minima. Reprint from Ref. (Kmiecik 2016). 

 

Aimed at biological complexes of different molecules and various size, CG models 

of different resolution or force field have been developed. Martini CG is one of the most 

widely used CG model. A Martini CG bead represents for four heavy (non hydrogen) 

atoms. Its parameter sets cover protein, lipid, solvent, and DNA. (Fig. 1.4) Nonbonded 

interactions are controlled by a Lennard-Jones (LJ) 12-6 potential, electrostatic 

interactions are defined by the Coulombic energy function. The nonbonded parameters 

have been adjusted to reproduce experimental thermodynamics data of the free energy of 

hydration, free energy of vaporization and partition free energies between water and a 

number of organic phases. Bonded parameters were systematically adjusted to satisfy the 

overlap with the radial distribution function (RDF) resulting from all-atom MD 

simulations of corresponding atom groups. In Martini CG model, the diffusion constants 
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can be 2- to 10-fold larger than AA models. It speeds up the CPU time ~1000-fold. 

(Marrink 2013) 

 

Figure 1.4.  Martini mapping examples of selected molecules. 

(A) Standard water particle representing four water molecules, (B) Polarizable water 
molecule with embedded charges, (C) DMPC lipid, (D) Polysaccharide fragment, (E) 
Peptide, (F) DNA fragment, (G) Polystyrene fragment, (H) Fullerene molecule. In all 
cases Martini CG beads are shown as cyan transparent beads overlaying the atomistic 
structure. Reprint from Ref. (Marrink 2013). 

 

AACG is a mixed resolution model developed under the collaboration between 

the Li group and Dr. John Shelley from Schrödinger Inc. (Shelley 2017) The basic idea 

is that in a biological system, the proteins are usually of interest, so they are represented 

as all-atom in AACG. In AACG, the solvent adopts CG representations. It originally 

designed for peptide aggregation.  
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computationally efficient for biological system has huge solvent component, such as 

membrane protein system, while provide comparable accuracy to AA models.  

1.3. STATEMENT OF PURPOSE 

Until recently, various MD techniques have been developed for different 

resolution or targeting on different properties. While the consistency of these three model 

resolutions was confirmed for protein complexes in our previous work, we present in 

Chapter 3 a top-down simulation protocol according to the sampling needs arising during 

the early steps of peptide self-assembly (Fig. 1.5). We systematically evaluated the 

accuracy and efficiency of different protocols to combine the CG, AACG, and AA 

models. We used a model peptide, melittin, since the assembly of which has been 

extensively studied by various experimental and computational approaches over the 

decades. On the basis of rich prior knowledge and the finite assembly of melittin, we 

developed our top-down approach and a theory to optimize the simulation protocol. To 

validate our approach, we carried out extensive top-down simulations of three amyloid 

peptides, which show the synergy of models at different resolutions. The top-down 

approach reported in this work presents practical guidelines for self-assembly 

simulations at larger length and time scales. It also may serve as the proof of concept for 

future simulation studies to include more model resolutions. 
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Figure 1.5. A cartoon scheme to illustrate the process of the top-down approach.  

The approach includes the CG modeling at the initial stage of self-assembly, then 
converting the system into AACG model at growth stage, and applying AA model at the 
mature stage.in the end. The scheme on the right is the cover of JCTC (March 12, 2019).  

 
The approach, described in Chapter 3, was to apply three different computational 

models (AA, AACG, and CG) in MD simulations, to systematically study the complexes 

formed by two human G protein-coupled receptors (GPCRs). It for the first time showed 

the consistency among the AA, AACG, and CG models in describing protein complex 

structures. Also, the accuracy and efficiency of these models needed for applications to 

study challenging biological systems were compared from a practical standpoint. 

In Chapter 4, we will focus on the investigation of environmental sensing of 

histone-like nucleoid-structuring (H-NS) protein and its adaptive evolution in different 

organism. Our findings suggest that site2 in H-NS oligomers is sensitive to the change 

of temperature and ionic strength while site1 is robust to physiochemical changes. We 

also show that the mechanical stability of H-NS filaments decreases under high salt or 

high temperature condition. An extensive investigation on H-NS and its orthologs from 
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different organism reveals the residue-levels substitution of H-NS orthologs, which 

provide evidence for the molecular mechanisms of adaptive evolution. 

 

1.4. CHALLENGE AND PROSPECT 

The multiscale modeling methods have proven to be extremely useful for studying 

the complexes at large time scale or spatial scale. They enable the simulations at large 

time scale or spatial scale compared to AA models. Also, only the most relevant and 

biologically important aspects of that data will be produced, multiscale modeling 

methods avoid a large amount of irrelevant details. In our cases, for example, we are 

interested only in the aggregation process of the peptides (see Chapter 2), the backbone 

dynamics of the GPCR (see Chapter 3), and the environmental sensing ability of H-NS 

protein (see Chapter 4). We thus generally need to identify the functional group involved 

in the physiological mechanism in advance.  

Despite the advanced simulation efficiency, it is still challenging for multiscale 

modeling methods to simulate the physiological processes at long time scales. Many 

important physiological processes involve time scales of hours or even years in 

organelles or cells. For example, intra-cellular deposits of tau protein accumulate years 

accompanied by the Alzheimer's disease. As the enhancement in computing power, such 

as GPUs and high performance computing, boosts our ability to simulate biological 

systems at larger time scales than ever before, we can expect that we will be able to tackle 

such physiological processes. However, new models, especially the CG models, are still 

needed to focus on large protein complexes in MD simulations. In our case, we simulated 
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the infinite H-NS filaments with both AA models and low-resolution models. We found 

that the low-resolution models fail to describe the filaments movement as consistently as 

AA models. Usually parameters of CG force fields are validated by a variety of 

biomolecules in AA simulations or experimental data. However, more adaptive, and 

coarser models are still desired to improve the efficiency of multiscale modeling 

methods. 

Besides the simulation of biological systems, multiscale modeling methods can 

be transferred to simulate chemical processes. For example, the top-down approach 

simulating the peptide self-assembly can be adapted to the polymer self-assemble. 

However, in typical MD force field, the bond and angle terms usually do not allow 

covalent bonds breaking or forming during the simulation. The design of reaction force 

fields is key to adapt multiscale modeling methods in simulating polymer self-assembly. 

Recently, reactive force-field has been developed to focus on the simulations of chemical 

reactions at AA level. However, the force field at CG level which allows to simulate 

polymer self-assembly at chemically relevant length scales is still a blank at present. In 

summary, we believe our multiscale modeling methods provide great opportunity to 

adaptively change the resolution on demand. Currently, more adaptive models are still 

required to strengthen the ability of scale-bridging of the multiscale models, so that MD 

simulations will become faster and cheaper. 
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AA solvent model) is suitable for capturing delicate interactions like hydrogen bonds, 

hydrophobic packing, and solvation. With reverse mapping tools from prior (Wassenaar 

2014) and this work (see Section 2.2.3), our top-down approach starts with CG sampling, 

intermediates with the AACG model, and ultimately obtains atomistic details of the 

assembly after AA refinement. 

Focusing on the top-down simulation approach, we systematically evaluated the 

accuracy and efficiency of different protocols to combine the CG, AACG, and AA 

models. We used a model peptide, melittin, the assembly of which has been extensively 

studied by various experimental and computational approaches over the decades. 

(Terwilliger 1982, Raghuraman 2007, Sun 2015, Schlamadinger 2012, Upadhyay 2015) 

The monomer-to-tetramer and coil-to-helix transitions of melittin in aqueous solutions 

have been long known. (Miura 2012, Othon 2009, Bello 1982, Talbot 1979) On the basis 

of rich prior knowledge and the finite assembly of melittin, we developed our top-down 

approach and a theory to optimize the simulation protocol. To validate our approach, we 

carried out extensive top-down simulations of three amyloid peptides, which show the 

synergy of models at different resolutions. The top-down approach reported in this work 

may serve as the proof of concept for future simulation studies to include more model 

resolutions. It also presents practical guidelines for self-assembly simulations at larger 

length and time scales. 
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2.2. METHOD AND MODELS 

2.2.1. Model preparation and Setup 

In this work, we used two melittin models: (1) four melittin in a box of aqueous 

solution, which has been simulated in the AA simulation in our prior work, (Liao 2015) 

and (2)  melittin in a box of aqueous solution, which was prepared with a python script 

to generate a 3  ́3  ́3 arrays of melittin in the crystal structure (chain A of PDB: 2MLT), 

and solvated in System Builder with counter ions. The CG models were prepared by 

CHARMM-GUI. (Qi 2015) For the 4-melittin and 27-melittin systems, the number of 

atoms and performance for each resolution is shown in Table 2.1. The CG models were 

converted to AACG by (1) CHARMM-GUI from CG to AA, and (2) python script from 

AA to AACG. The conversion between AACG and AA were achieved by python scripts. 

From AACG to AA models, the CG site of water in the AACG model are replaced by 

the oxygen atom and adding two hydrogen atoms) 

 

Table 2.1. Analysis of simulation efficiency on CPUs (Intel E5-2650 v4) and 
GPGPUs (GeForce GTX 1080 Ti) using the software program Desmond (AACG 
and AA) and GROMACS. 

 4-melittin  27-melittin 

 AACG AA  CG AACG AA 

Number of Atoms ~24,000 ~65,000  ~120,000 ~180,000 ~510,000 

Performance on CPUs (ns/day) 36.3 11.4  389 8.7 1.5 

Performance on GPGPUs 

(ns/day) 
6327 175  - 112 19.3 
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the discussion below. All the simulations were performed in the NPT ensemble (310 K, 

1 bar) and underwent minimization and equilibration before the production stage. 

Hydrogen atoms were constrained using the SHAKE algorithm in the AA and AACG 

models, and the LINCS algorithm in the CG models.  

 

 

Figure 2.1. Cartoon illustration of the CG, AACG, AA serial stages in the top-down 
multiscale approach for peptide assembly. 

The snapshots are from the initial model, final CG model, and final AA model of the 27 
melittin system. Equilibrations were carried out at the beginning of each stage. 
 

2.2.4. Determination of the Assembly Cutoffs to Switch Resolutions  

 We first performed the AACG+AA simulations of four melittin peptides, which 

were simulated with the AACG models for 12, 18, 40, and 70 ns respectively and AA 

models for 100 ns. With the details in the Results section, we observed that the AACG 

model well balances the simulation efficiency and structure order with sufficient 

sampling to complete or near complete self-assembly (or ~100% peptides in oligomers). 

However, excessive sampling does not improve the assembly stability as well as the 

secondary structures of the peptides.  
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Figure 2.4. Comparison of four AACG+AA protocols  

(a), (b), (c) and (d) indicate the protocol that starting with 12-, 18-, 40-, and 70- ns AACG 
simulation, respectively ,then transformed it to AA model, 100ns MD simulations 

(A)The AACG snapshots before transformation to AA models in dimeric, didimeric, 
tetrameric, and tight tetrameric states for protocols (a), (b), (c), and (d), respectively. The 
geometric centroid distances are labeled. (B) Plots of the average separation over time. 
The magenta plot represents the smoothed AACG data, while the red, yellow and cyan 
plots represent the smoothed AA data from three simulation replicas. (C) Histograms of 
the helicity percentage, the assembly solvent accessible surface area, and the number of 
hydrogen bonds of different protocols in comparison with 100-ns AACG simulation and 
pure AA simulations. The red and cyan bars represent the average value from the last 1 
ns in the 100 ns AACG and AA, respectively, while the standard deviations are shown 
in blue lines. 
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2.3. RESULTS AND DISCUSSTION 

2.3.1. Top-down AACG+AA Simulations of Four Melittin Assembly Suggests an 

Optimal Protocol 

We first combined the AACG and AA models to simulate the assembly of four 

separated, partially folded melittin peptides. The initial model was from our prior AA 

simulations (Liao 2015) for fair comparison of the results. To test the assembly process 

in the AACG model, we carried out a 100 ns MD simulation (Fig. 2.8). We observed a 

similar trend of stepwise assembly as in the AA simulations, (Liao 2015) but in a much 

faster fashion (the dimer and tetramer formed within 10 and 40 ns, respectively). 

However, the helicity content of the assembly from the AACG simulations tended to be 

lower (28.2 ± 4.9%) compared to measurements from CD spectra (~60%) (Othon 2009) 

and our prior AA simulations (47 ± 2%). (Liao 2015) 
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Figure 2.8. Plots of serial 100-ns AACG + 20-ns AA simulation for the 4-melittin 
system.  

Two replicas are shown in red and blue, respectively, and the dash line indicates the 
transformation from AACG to AA. The RMSDs were measured with the crystal structure 
of melittin tetramer (PDBID: 2MLT). 

 
 

To examine if successive AA simulations improve the accuracy of the peptide 

secondary structures, we carried out successive AA simulations starting from different 

stages of the AACG simulation. We designed four different protocols, labeled as 

protocols (a), (b), (c), and (d), by taking the AACG structural snapshots at 12, 18, 40, 

and 70 ns, transformed it to AA model, and then started 100-ns MD simulations. The 
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time points were chosen so that the melittin peptides were in dimeric, didimeric, 

tetrameric, and tight tetrameric states for protocols (a), (b), (c), and (d), respectively (Fig. 

2.3(A)).  Each model (containing peptides, counter ions, and water) was recovered from 

the AACG to the AA resolution, equilibrated for ~1 ns, and further simulated for 100 ns 

with three replicas. We compared these four AACG+AA protocols, in terms of the 

average separation, the melittin helicity, the solvent accessible surface area, and the 

number of hydrogen bonds (Fig. 2.3(C)).  

In protocol (a), where successive AA simulations were transformed from early 

stage of AACG with melittins in low assembling state, we observed that a majority of 

the melittins were separate at the end of 100-ns AA simulations (Fig. 2.3(B)). As the 

systems were transformed from longer AACG times as in protocols (b), (c), and (d) 

where melittins mostly assembled or had already aggregated, the melittins were able to 

maintain their tetrameric state, particularly in (c) and (d). Given the general lower helical 

conformations in AACG, (Shelley 2017) the overall helicity percentage in (a)-(d) tend to 

be lower in comparison with our previous AA simulations. (Liao 2015) Protocol (c) 

maintains similar helicity percentage as AACG (28.2 ± 4.9%), and exhibit similar surface 

area (83.4 ± 4.0 nm2) as our previous AA simulation results (85.4 ± 5.5 nm2). (Liao 2015, 

Andersson 2013)  Furthermore, protocol (d) with a longer AACG time resulted in a lower 

helicity content and fewer total H-bonds than protocol (c). This is probably because, for 

the tight tetramer formed at the AACG stage, inter-peptide hydrogen bonds are more 

favored than the intra-peptide ones (Table 2.4), leading to the less helical structure which 

needs much longer AA simulations to equilibrate. In general, protocol (c) exhibits the 

highest helicity content and total H-bonds and lowest surface area in all protocols (Fig. 
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For the 27 melittins at a large separation (60 Å), 20 and 140 ns were estimated for 

the CG and AACG stages by Eq. 3-4. It is noted that, instead of tetramers, trimers were 

majorly formed within the simulation time, compared with the smaller separation (30 Å) 

systems. As a trimer prefers to bind to a monomer in order to form a tetramer, (Quay 

1983) the competition between a trimer and a trimer/dimer for a monomer become the 

control stage toward tetramer formation. Also, in order to form tetramers from trimers, 

the disassociation process of trimers has to take place, which is much longer than the 

expectation based on our theory. Overall, we have validated our top-down approach 

systematically by melittin and 3 amyloid peptides systems, which generate reasonable 

simulation time length to start with for unknown dispersed peptide systems for self-

assembly and aggregation studies. 

 
Through the optimization of AACG+AA to CG+AACG+AA protocols, we have 

developed our top-down theory and approach to sample peptides assembly and 

aggregation in the balance of efficiency and accuracy. The diffusion coefficients in 

different resolution simulations of CG, AACG, and AA, were in good agreement with 

the classical theory of polymer self-diffusion model, (Zimm 1956, Doi , Griffiths 1998) 

by which we can use an interpolation method to estimate the diffusion coefficients at 

higher assembly levels. With the diffusion coefficients and initial conditions, we 

estimated the simulation lengths for each simulation of different resolutions from Eq. 3-

4, which was derived from the equation of the Wiener process. (Karatzas 2012) From our 

application on self-assembly/aggregation of melittin and three amyloid peptides, ~20% 

and ~100% oligomeric states were subsequently achieved in CG and AACG within 
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2.4. CONCLUSIONS 

In conclusion, we have developed and validated a top-down approach to simulate 

peptide assembly from dispersed monomers, with model systems of melittin and three 

amyloid peptides. This innovative approach allows simulating one model construct 

consecutively at CG, AACG, and AA resolutions, facilitated by transformation tools. A 

simple equation is also derived based on the classic model of the Wiener process and 

successfully validated. Our theory may provide a practical guide to utilize our top-down 

approach to study general peptide assembly phenomena from monomers, and eventually 

achieve valuable atomic details for future biomedical and materials applications. 
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needed for applications to study challenging biological systems were compared from a 

practical standpoint. 

 

 
Figure 3.1. Cartoon illustrations of the five most relevant A2AR-D2R complexes at 
the end of the all-atom simulations 

(A2AR in red and D2R in cyan) overlapped with corresponding rhodopsin dimers (grey 
cartoon, PDBID: 1N3M). (A) TM4/5-TM4/5, (B) TM4-TM4, (C) TM5/6 (A2AR) - 
TM1/2/3 (D2R), (D) TM1/2/3 (A2AR) - TM5/6 (D2R), and (E) TM1/H8-TM1/H8. 

 

3.2. MODELS AND METHODS 

 

3.2.1. Model Preparation 

A2AR models (res. 1-326. Uniprot ID: P29274) were extracted from the final 

frames of prior atomic simulations, (Schellenberg 2013) while three D2R model (res. 37-

414 as a short form. Uniprot ID: P14416-2) were constructed using homology modeling 

with the crystal structure of the human dopamine D3 receptor (D3R, PDBID: 3PBL, 50% 

sequence identity) as a template. We used the Maestro program (Schrödinger, Inc.) to 

connect S259 and P260 in the ICL3, which were disconnected in the D2R homology 
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3.2.4. Simulated Annealing Simulations of A2AR-D2R Complexes with Dual-acting 

Ligands. 

A dual-acting ligand is believed to likely bind A2AR and D2R simultaneously, 

but on the molecular level the complex structures are not firmly established. To 

understand the binding mechanism of the dual acting ligands and to assess the dimer 

models, we have built the models of the A2AR-D2R dimer complexed with the dual-

acting compounds. In total, 80 complex models were constructed and simulated with the 

simulated annealing (SA) method. During each simulation, the temperature was 

increased from 10 K to 400 K in four stages over 600 ns, followed by 400 ns at 300 K 

(Table 3.1). The final models were evaluated with the centroid distances between the 

ligands and the GPCR binding sites, the percentage of residues that in native contacts 

with the GPCRs, and the distances between the centers of the ligands and the toggle 

switch Trp6.48 in both A2AR and D2R (Table 3.2). 

 

Table 3.1. Five stages used for the simulated annealing (SA) simulations. 

Stages 1 2 3 4 5 

Duration (ps) 30 70 100 300 500 

Temperature (K) 10 100 300 400 300 
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sites. However, given the constraints of the linker, the complexes with the TM4/5-TM4/5 

interface (Fig. 3.3) seem to be more favorable for dual-acting ligand binding. The others 

with larger separations between A2AR and D2R are less favorable for simultaneous 

binding of the dual-acting ligands. 

 

 

Figure 3.3. Five heterodimeric interfaces used in our study from the rhodopsin 
cluster. 

Model (PDBID: 1N3M) in grey cartoon. Transmembrane helix 6 (TM6) is in magenta to 
guide the eyes. A2AR and D2R are switched in the C and D asymmetric complexes. 

 

Our data also suggest that the protonation state of the ligand and the linker length 

may have an impact on dual-acting ligand binding. The ligands with longer linkers bind 

the GPCR heterodimer models more tightly, while ligands with shorter linkers tend to 

bind to either A2AR or D2R. Overall, we only observed that the ligands stay tightly 

bound to the complex A model, which emphasizes the importance of the TM4/5-TM4/5 

interface. 
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to the CG models. With a bit of noise, the pattern of the RMSD values, centroid distances, 

and surface areas produced by the AA models is also well reproduced in both the AACG 

and CG results amongst the different complexes. As well, the AACG values are generally 

intermediate between the AA and CG values for the RMSD values and centroid 

distances. This consistent pattern, with the AACG results being intermediate, strongly 

suggest that all of the results are reflecting the same behavior. Additionally, the trends 

from AA to AACG to CG may reflect either a general effect of decreasing resolution or 

a benefit from systematically better sampling. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.4 Key structural properties of the A2AR-D2R complex models. 
 

  Averaged TMD RMSD (Å) Final Centroid 
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Model Interface Solvent Accessible 

A2AR D2R Dimer Distance (A) Surface Area (A2) 

AA 

A 2.5 ± 0.1 1.8 ± 0.2 3.8 ± 0.1 33.0 ± 0.6 40819 ± 830 

B 2.2 ± 0.1 2.5 ± 0.1 9.5 ± 0.1 37.7 ± 0.2 42069 ± 630 

C 2.1 ± 0.3 3.5 ± 0.7 5.6 ± 0.2 32.3 ± 0.3 43153 ± 728 

D 2.0 ± 0.3 2.0 ± 0.1 5.4 ± 0.3 30.7 ± 0.5 42033 ± 1063 

E 2.2 ± 0.3 1.5 ± 0.2 4.5 ± 0.3 43.8 ± 0.3 42513 ± 529 

AACG 

A 2.9 ± 0.4 2.8 ± 0.3 4.3 ± 0.4 32.5 ± 0.6 36906 ± 1614 

B 3.3 ± 0.8 3.9 ± 1.1 10.5 ± 0.6 35.9 ±0.4 39191 ± 981 

C 2.7 ± 0.6 4.7 ± 1.8 6.4 ± 0.5 31.4 ±0.3 40059 ± 2157 

D 2.5 ± 0.4 2.7 ± 0.3 6.5 ± 0.3 29.0 ± 0.1 39163 ± 2219 

E 3.0 ± 0.3 2.6 ± 0.3 5.6 ± 0.4 39.4 ± 0.1 39837 ± 741 

CG 

A 3.7 ± 0.1 3.8 ± 0.1 5.5 ± 0.1 30.1 ± 0.4 - 

B 3.5 ± 0.1 3.3 ± 0.1 10.8 ± 0.3 34.5 ± 0.5 - 

C 2.9 ± 0.1 5.1 ± 0.2 7.0 ± 0.1 30.3 ± 0.5 - 

D 3.9 ± 0.1 3.5 ± 0.1 7.4 ± 0.1 27.0 ± 0.3 - 

E 3.4 ± 0.1 3.4 ± 0.1 8.0 ± 0.2 37.5 ± 0.3 - 

 

Note: The measurements with standard deviations were performed with the last 10 ns for 
AA and AACG models, and 100 ns for CG models of all the corresponding runs. The 
starting centroid distances of the AA models of complexes A to E are 35.8, 38.9, 38.5, 
37.8, and 48.3 Å. 
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Given the model consistency and speedup (1-3 orders of magnitude), it is possible 

to synergistically exploit the AA, AACG, and CG models to investigate protein 

complexes in highly heterogeneous systems. The AA, AACG, and CG models were 

consistent in the structural stability of individual receptors and overall complexes, as well 

as the distances between the centroids. However, our results also discovered some issues 

caused by either the reduced structural detail or the imperfect potentials. First, some 

deformation of detailed protein structures may exist when in contact with water and the 

charged lipid head groups in the AACG and CG models, such as the intracellular or 

extracellular ends of the transmembrane helices and the long helix 8 of A2AR at the 

membrane-water interface. Second, we found that the AACG models appeared slightly 

more flexible than the AA models, while the CG models, even in the absence of elastic 

network restraints used, were much more rigid than the AA models (Table 3.3). It is 

noteworthy that neither the AACG nor the CG models can well distinguish between the 

activated and deactivated A2AR structures in these complexes, in terms of the structural 

and dynamic details. Also, to study longer timescale processes, such as the kiss-and-run 

dynamics of GPCR oligomerization (on the far microsecond timescale), (Fuxe 2014) 

highly coarse-grained models might be needed in addition to current available models 

and methods 
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3.4. CONCLUSIONS 

In summary, regarding all of these challenges arising when combining the AA, 

AACG, and CG models for the multiscale simulation studies of heterogeneous biological 

systems, special care needs to be taken during model construction and simulation 

analysis. This is true in particular for applications related to integral and peripheral 

membrane proteins. Nevertheless, with the modeling consistency and efficiency tested 

in this work, it is possible to obtain synergy from the combination of AA, AACG, and 

CG models. Furthermore, our results show that it is indeed feasible to alternate among 

different models with both existing (in AACG and MARTINI) and new transformation 

tools. According to the results discovered in this study, the combination of all-atom and 

reduced models represents an efficient solution to investigate complex biophysical 

systems in heterogeneous environments. Possible strategies for future tests, which we are 

currently pursuing in our laboratory, include simulating with models of either increasing 

(i.e. from CG to AA) or decreasing (i.e. from AA to CG) resolutions.  







 

 
72 

 
Figure 4.1. Schematic structural model for multimerization extracted from the H-
NS superhelix conformation 

Site1 (light and dark green) and site2 (light and dark cyan). Reprint from Ref. (Shahul 
Hameed 2019).  

 
 

4.1.2. Adaptive Evolution of H-NS Protein 

To date, studies to elucidate environment sensing of H-NS were almost 

exclusively conducted with proteins from two model systems, S. typhimurium (e.g. ((Ali 

2014)) and E. coli (e.g. ((van der Valk 2017)) both of which infect humans. Yet, H-NS 

orthologs also present in enterobacteria that do not have warm-blooded hosts, raising the 

questions such as what biological role H-NS plays in these species. Answering this 

question requires to determine the structural basis for environment sensing in H-NS 

orthologs with drastically different lifestyles. However, the molecular dynamics and 

multidomain composition of H-NS hamper conventional structural analysis.  

 

In this chapter, we simulate H-NS protein systems at different length scale, from 

dimers, oligomers to superhelical H-NS filaments systematically at the atomistic detail. 
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We aimed at an advanced understanding of molecular basis of environmental sensing, 

bacterial genome organization, and xenogenomic silencing. Then we applied extensive 

analysis to H-NS orthologs to reveal how H-NS orthologs evolved specific residue 

substitutions to adapt environment-sensing to their bacterial habitats at atomic level. Our 

findings may open new avenues for strategies to combat antibiotic resistance 

 

4.2. MODELS AND METHODS 

We built our homology model of full-length H-NS (UniprotID: P0A1S2) based 

on orthologues in SwissModel (33) with the templates for the dimerization domain 

(PDBID: 3NR7) and the DNA-binding domain (PDBID: 2L93). Maestro (Schrödinger, 

Inc.) was used to construct the full-length model from different domains 

4.2.1. Potential of the Mean Force (PMF) of H-NS Dimers 

The residues 50-82 were used to build the H-NS dimers. The PMF simulations 

were carried out with the MD program GROMACS (34) using the umbrellaing sampling 

(US) technique. The CHARMM36 force field was also used. Each site2 monomer of the 

center of mass (COM) distance was chosen as the disassociation pathway and used for 

enhanced sampling. After 500 ps equilibrium with the NPT ensemble, initial structures 

for windows along the reaction coordinates were generated with steered MD. In the 

steered MD simulation, one chain was pulled away along in the direction of increasing 

the COM distance with force constant of 12 kcal mol-1 Å-2, until the COM distance 

reached 25 Å. The windows were taken within a range of 0-25 Å. The umbrella windows 

were optimized at the 0.3 Å interval to ensure sufficient overlap. There are about 80 
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windows per simulation, and each window was simulated with force constant of 1.2 kcal 

mol-1 Å-2. All PMF simulations converge in 38~54 ns per window (Fig. 4.2). 

 

 

Figure 4.2. The umbrella histogram and convergency to simulate the H-NS 
orthologs site2 dimer at different simulation conditions. 

293 K, 0.15 M NaCl (Green), 293 K, 0.50 M NaCl (Blue), and 313 K, 0.15 M NaCl (Red). 
Each PMF subplot contains a series of 5 curves from 38 to 54 ns/window (4 ns increment), 
demonstrating convergence. 

 
 

The H-NS filament makes one complete turn about its axis every 12 H-

NS peptides (PDBID: 3NR7) with a diameter of ~ 150 Å. The displacement of each turn 

along the axis is 275.56 Å. All the models were solvated in a TIP3P water box, with 

counterions to neutralize the charges and additional NaCl for the desired salinity. The 

superhelix systems contains ~440,500 TIP3P water molecules, counter ions, and 0.15 or 
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The distance of site1 and DNA binding domain were calculated by corresponding 

COM. We took the cutoff of free-moving DNA binding domain to be 45 Å, based on the 

distribution of distance.  

 

4.3. RESULTS AND DISCUSSION 

4.3.1. Potential of Mean Force (PMF) Calculations Distinguish the Stability of Site1 

and Site2  

 
Figure 4.3. The PMF plots of site1 (left) and site2 (right) dimers along the pulling 
direction using COM distance between two monomers as the collective variable.  

The dissociation state of the monomers is set as the reference (0.0 kcal/mol) for each 
calculation. We averaged the data with SDs as error bars from six PMFs; the small 
standard deviations (SDs) indicate the convergence of the PMF.  

 
 
The H-NS monomers were defined as follows: dimerization domain (res. 2-82) including 

site1 (res.2-49) and site2 (res. 50-82), linker (res. 83-95), and DNA binding domain (res. 

96-137). Our results showed that site1 is robust to physiochemical changes, and 

suggested that these parameters act through unfolding of site2. To assess the energetics 

of site1 and site2 dimerization, we performed PMF calculations of the site1 and site2 
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along z axis did not change with NpT ensemble simulation. It means that the H-NS 

monomers became shorter on average. We also compare the H-NS filaments at different 

conditions. Though the H-NS filaments did not disassociate, they show higher sensitivity 

to salt or temperature in terms of structural stability. The H-NS filaments under high salt 

or high temperature condition undergo a larger conformational change than the control 

group (0.15 M NaCl). The large RMSD of H-NS monomers may come from either the 

distortion by itself or the translation induced by neighboring monomers. We noticed that 

some H-NS monomers distorted because of the interaction of C-terminus (site1) and N-

terminus (DNA binding domain). Then we tested the Pearson's correlation coefficient 

(Pc) of RMSD and distance of C-terminus and N-terminus over time for every H-NS 

monomer in all models. In Fig. 4.8(C) we can see the distribution of the distance of C-

terminus and N-terminus have a high peak at the distance of 20-45 , which means the C-

termini were bound by N-termini. A wide peak appears at the distance of 45-80. 

Therefore, we took a cutoff of 45 A of the bound C-termini and free-moving C-terminals. 

For H-NS monomers falling into strong, medium, and weak correlation groups, we 

distinguish the free-moving C-termini and bound C-termini, shown in Fig. 4.8(C). Of 28 

H-NS with strong correlation coefficient, 26 are bound. An example was shown in Fig. 

4.8(D). While for the H-NS with weak correlation coefficient, 10 out of 30 are free-

moving. Another fact is that the bound C-termini usually led to large RMSDs (Fig. 

4.8(C)). Therefore, the conformational change can be induced by the movement of the 

C-terminus. The DNA binding domain which has a short linker connected to site2, can 

be free-moving in the model. However, when DNA binding domain connects to the site1, 

the linker which is shorter than the dimerization domain, will compress the dimerization 
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domain between site1 and site2, so that the dimerization domain is distorted. Thus, the 

bound DNA binding domain is an important reason for the huge conformational change 

at x-y plane. 

 

Figure 4.7. Comparison of the H-NS filaments at different conditions. 

Green: 293 K. 0.15 M NaCl, yellow: 293 K, 0.50 M NaCl, blue: 313 K, 0.15 M NaCl.  

(A) Scheme of top view (x-y plane) of one circle of H-NS filaments. Each dot represents 
the COM of H-NS monomer. Progressive colors from light to dark indicate the snapshots 
from 0 to 100 ns with interval of 10 ns.  

(B) Perimeter of one circle of H-NS filaments. 

(C) Two dimensional lengths of six diagonals projected on x-y plane.  

(D) Average RMSD of H-NS filaments. Trajectories of the last 10 ns were used.  

(E) and (F) Top view and side view of H-NS filaments at the end of simulation. 
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Figure 4.8. Correlation of DNA binding domain and filaments distortion.   

(A) A representative top view of H-NS filaments. Final snapshot is aligned to the initial 
model.  

(B) A representative side view of H-NS filaments.  

(C) Distribution of distance of DNAbd and site1 at different conditions and bar plot of 
bound/free-moving DNAbd over correlation strength. Green: 293 K, 0.15 M NaCl, blue: 
293 K, 0.50 M NaCl, red: 313 K, 0.15 M NaCl. In bar plot, blue is the number of bound 
DNAbd in the filaments, orange is the number of free-moving DNAbd in the filaments.  

(D) A representative plot of DNAbd and RMSD, which shows strong correlation while 
the DNAbd is bound (distance< 45Å) .  

(E) A representative plot of DNAbd and RMSD, which shows weak correlation while 
the DNAbd is free-moving (distance> 45Å). 
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Figure 4.9. The sequence, structure, and habitat of selected H-NS orthologs.  

(A) Sequence alignment of HNS orthologs was performed with ESPript 3.0. The color 
cheme for sequence similarity is: red background (identical in four orthologs) > red font 
(similar residues) > black font (totally different). Green, cyan, and yellow frames are 
used to indicate the corresponding regions in panel (C). (12): H-NSST (UniprotID: 
P0A1S2), H-NSEA (UniprotID: D4I3X2), H-NSBA (UniprotID: P57360), and H-NSIL 
(UniprotID: Q5QW35).  

(B) Illustration of the environment of the selected orthologs. 

(C) The tetrameric H-NSST model we used for MD is shown with each domain labelled: 
site1 (green helices), site2 (cyan helices), linker (grey loop), and DNA-binding domain 
(yellow surface). The truncated site1 of flanking site1-dimerized chains are shown in 
magenta and pale orange. The tetramer H-NSST model was shown in cartoon, with each 
domain labelled: site1 (residues, 1-44), site2 (52-82), linker (83-92), and DNA-binding 
domain (93-137). 
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H-NSST site1 and site2 form homodimers to enable H-NS multimerization in a 

head-to-head/tail-to-tail fashion (Fig. 4.9(C)) (15). In concert with the DNA interaction 

of the individual domains, this homooligomerization is required for tight DNA binding 

and hence gene repression. In our previous study, we showed that only H-NSST site2 

dimers unfold and dissociated within a biologically relevant temperature range, whereas 

site1 dimers remain unaffected (17). The higher stability of the site1 dimer of H-NSST is 

explained by a substantially larger contact surface between the two monomers (ca. 3,300 

Å2 compared to ca. 850 Å2 for site1 and site2, respectively, according to PDBePISA (27)). 

To investigate whether this mechanism is conserved in other H-NS orthologs, we built 

homology models for H-NSEA, H-NSBA, and H-NSIL using the crystal structure of the H-

NSST site1- site2 fragment as a template (PDB ID: 3NR7) (15). Next, we constructed a 

tetrameric model as a minimal representation that conserves all features of the H-NS 

multimer. This tetramer contained two full-length H-NS monomers (residues 1-137, with 

templates PDB IDs: 3NR7 and 2L93) and two partial monomers, truncated before site2 

(residues 1-52) (Fig. 4.9C). To probe differences in environmental responses of the 

orthologs, we first used conventional full-atom molecular dynamics (MD). We simulated 

all four tetramers (a ~100,000 atom system) for 200 ns at three different conditions (0.15 

M NaCl, 293 K; 0.50 M NaCl, 293 K; or 0.15 M NaCl, 313 K). 

 

The tetramer simulations at 0.15 M NaCl and 293 K produced a lower residue 

fluctuation level in site1 (local root-mean-squared fluctuation, RMSF 0.4 to 1.9 Å) than 

in site2 (local RMSF 0.5 to 4.4 Å) for all four orthologs. The higher stability of the site1 
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4.4. CONCLUSIONS 

 
To determine the molecular mechanism for environment-sensing by H-NS, we 

applied conventional AA simulation to study H-NS dimer, tetramer, and filaments under 

different condition. Along with PMF and free energy calculation, we were able to 

confirm that N-terminal site1 dimerization domain of S. typhimurium H-NS does not 

change conformation in response to changes in physiochemical parameters, while site2 

is responsible for the environmental sensing to salt and temperature. Further, the H-NS 

filaments show less mechanical stability under high salt or high temperature conditions. 

The contacts of N-terminus and DNA binding domain may lead to the mechanical 

distortion of the filaments. Our findings reveal two different mechanism of 

environmental sensing by H-NS protein.  

Based on our understanding of the molecular details on the stability and dynamics 

of site2 and the site1, we investigated environmental sensing of H-NS orthologs from 

bacteria that infect plants, bacteria that are endosymbionts of insects, and bacteria that 

are presumably free-living in or close to a hydrothermal vent. Though all four orthologs 

share similar response to temperature and salt, marked idiosyncrasies in the response of 

H-NS orthologs suggest that this ancestral feature was adapted to fit the current habitat 

and lifestyle.  

 
 
 
 
 
 




















