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ABSTRACT 

 

 

 

Molecular dynamics (MD) simulations have advanced greatly in the recent decades, but are not 

without their limitations. This work first details the pitfalls of  MD simulations, then presents the 

details of  a new, robust, high-order generalized ensemble sampling method, orthogonal space 

tempering (OST) which can achieve accurate and efficient sampling in MD simulations as well as 

accurate recovery of  desired thermodynamic quantities. This method is then applied to 

understanding the mechanistic details and free energy of  passive trans-membrane permeation of  

small, bulky, and charged molecules through a lipid bilayer. Furthermore, the method is applied to 

the study of  the conformational and dynamical properties of  a very important human neuropeptide 

Y homologue, avian pancreatic peptide.
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CHAPTER 1 

 

INTRODUCTION TO MOLECULAR DYNAMICS 

SIMULATIONS AND SAMPLING 

 

 
1.1 Introduction to Molecular Dynamics (MD) Simulation 

 

 
Due to technological advancements in the last few decades, the use of  computers and computational 

tools has become an increasingly powerful approach to understanding  complex biological and 

chemical processes (1-6). This has led to a mutually beneficial relationship between experimental and 

computational methods. While experiments provide information essential to the development of  

theoretical methods and refinement of  MD parameters, MD simulation has provided 

experimentalists with an atomic-level view of  detailed interactions of  complex systems. MD 

simulation enables the calculation of  many essential thermodynamic quantities which are often 

difficult to obtain by conventional experimental techniques. 

 

In MD simulations, particles of  a given system are propagated along a finite timestep by integrating 

Newton's equations of  motion. Done iteratively, this produces a time-dependent series of  system 

configurations (known as a trajectory), in which each configuration represents a sample of  the 

system's overall phase space. In theory, when a simulation is given enough time, it should be able to 

sample the entire configurational space of  the proposed system. These samples can then be used for 

many purposes such as to identify reaction pathways and intermediate states, or allow for the 

elucidation of  any thermodynamic property Ao as 

                   = = lim⇒∞ .   (1.1) 

As with any technique, MD simulation is not without its drawbacks. In order to ensure stability, the 

timestep chosen must be on the timescale of  the highest frequency motion of  the system. This 
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limits the stepsize of  MD simulations to the femtosecond time regime which is along the order of  

bond vibration timescales (7). However, most important biological functions occur in the 

microsecond to second time regime, thereby requiring an enormous number of  steps to realize one 

collective biological motion of  interest. Furthermore, the probability of  a given configuration or 

microstate, i, is described by the Boltzmann distribution: 

 

       ρi  =
    

− ���∑ − ���                                                                         (1.2) 

where  ∑ − ���  is the partition function, kb is the Boltzmann constant, Hi is the state's Hamiltonian, 

and T is the system temperature. From this equation it is evident that lower energy states are favored 

much more over high energy states (they have a larger probability), and the larger the energy barrier 

is between the two states, the slower the transition between them. 

 

This becomes problematic as it is possible for a system to become trapped in one stable minima (or 

many stable, localized, minima on a rugged energy surface) for an extremely long period of  time. 

This leads to another drawback of  MD simulations, a concept known as pseudo-ergodicity (8). As 

mentioned, accurate calculation of  thermodynamic quantities is dependent on the fulfillment of  the 

ergodic hypothesis from equation (1.1). However, in practice, a simulation cannot have an infinite 

length and must be terminated at some finite length of  time. If  a system has been trapped in a stable 

minimum, or many local stable minima, this will lead to inadequate sampling of  the configurational 

space, as well as inaccurate recovery of  desired thermodynamic quantities. This inadequate sampling 

is sometimes referred to as the “sampling bottleneck” for MD simulation. While there are other 

limitations of  MD simulations, much effort has been put into the aforementioned sampling issues. 

One such approach is often termed the brute force method, which relies on the usage and high 
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calculation speed of  specially designed computers and components. More specifically there is the 

ANTON supercomputer designed by D.E. Shaw which has produced numerous microsecond to 

millisecond conformational transitions which are incalcuable by normal computers (9). There have 

also been recent advancements in computational hardware such as graphical processing units 

(GPUs) (10). The problem with the brute force approach is that due to the very specific nature of  

the specialized components; these computing systems are very difficult to use and are quite 

inflexible in their computational ability, due to some tradeoffs in how they perform calculations.  

Although the brute force method allows for the collection of  many more samples than previously 

achieved, the issues associated with the sampling bottleneck and pseudo-ergodicity still remain 

widely unresolved with this approach. Furthermore, from a sampling perspective, having more 

samples is not always indicative of  better overall sampling of  the system's phase space. It is still 

possible that many important regions remain unsampled, and that many irrelevant or high-energy 

conformations may be visited during the sample collection process.  In an effort to increase usability, 

efficiency, and accuracy, some chose to approach the sampling issue from another angle known as 

importance sampling which will be further detailed in section 1.2. 

 

 1.2 Importance Sampling and Potential of  Mean Force Calculations 

 
Importance sampling is a sampling technique used to estimate the properties of  a specified target 

distribution by using samples obtained from a separate or modified distribution that is different 

from that of  the target distribution (11). Due to the difficult nature of  sampling the complete phase 

space of  a complex system, it is often advantageous to restrict the sampling to a region of  phase 

space that is relevant to the desired observable process. These imposed restrictions enable sampling 

of  the modified distribution along a pre-determined pathway.  These pre-determined pathways come 
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in the form of  so-called collective variables (CVs). CVs  are very general functions of  a system, for 

instance; energy, pressure, distance, and the rotation of  a dihedral angle are just a few examples of  

energetic and geometric collective variables. CVs that are able to distinguish between target phases 

of  a process are known as order parameters (OPs). While it is not required that an order parameter 

be monotonic, one that is monotonic will be a good variable for sampling to progress along. It is 

also important to note that OPs which reflect the slowest degrees of  freedom along the sampling 

pathway are known as reaction coordinates (RCs).   

 

When sampling is performed along a specified (pre-chosen) order parameter, it will often target an 

explicit observable such as the free energy difference between two states, or the entire free energy 

profile along all of  the order parameter states. This full free energy profile is known as the potential 

of  mean force (PMF), which details how a system's energy changes as a function of  the order 

parameter. For example, the PMF could show how the system's energy changes as a function of  the 

distance between two residues in a protein, or as a molecule is pulled through a lipid bilayer. While 

this is a good beginning, this type of  sampling does not include implicit targets; such as degrees of  

freedom not defined by the order parameter. These implicit targets may hold information such as 

mechanistic insights, complete free energy surfaces along degrees of  freedom outside the OP, or 

even a minimum free energy pathway (MFEP). Because order parameters are selected by human 

intuition, and true biological processes are extremely complex, the selection of  an order parameter is 

often inadequate to fully describe the desired event. 

 
1.2.1 Zero-order Importance Sampling Techniques 

 
Elucidation of  the full PMF profile is difficult, and often attempted in conjunction with an 

importance sampling technique. Some classical zero-order importance sampling methods include 
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umbrella sampling (US) (12-13) and thermodynamic integration (TI) (14-18). TI is an equilibrium, 

work-based, approach that modifies the potential energy surface between two states, UA and UB, by 

using a coupling parameter, , which has a range from 0 to 1. This gives rise to a new potential 

energy function 

 

       = + − .    (1.3) 

 

As is evident from equation 1.3, the potential energy is scaled as a function of   , from the energy at 

state A when  =0 to the energy of  state B when  =1. Also note that while   is continuous 

between 0 and 1, the energetic and conformational information between the two end-states is purely 

nonphysical, and therefore cannot be used to produce a PMF profile. 

 TI is a zero-order technique can compute the change in free energy between any two states by 

integrating the modified potential's ensemble-averaged derivatives at different points along the 

coupling parameter as seen in equation 1.4. 

 

    � ⇒ = ∫ ��    (1.4) 

Alternatively, umbrella sampling is a non-equilibrium, probability based, importance sampling 

approach. In this approach, the space along the order parameter is divided into many modestly 

overlapping regions, or “windows”, each of  which will be its own independent simulation (19). Each 

simulation will then be run within a selected range of  the order parameter, while being restrained to 

this region by a very high, non-physical, potential energy barrier that is imposed by the user. This 

imposed bias enables broadening of  the probability distribution within each window away from the 

standard boltzmann distribution. Thus, sampling is performed upon this new modified probability 

distribution, and subsequently used to recover the free energy of  the original boltzmann weighted 
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distribution. While this is an advancement in methodology beyond brute force, there are still several 

intrinsic and severe limitations to this method and other zero-order importance sampling techniques. 

One such limitation is that these techniques require the user to have prior knowledge of  the order 

parameter along which sampling will proceed. Also, by introducing external bias in US simulations, 

many complications can arise. For instance, if  an event pathway requires the order parameter to 

fluctuate outside the range of  an artificially imposed window, it will be unable to undergo relevant 

conformational changes, or sample relevant conformations of  the desired event. This is known as 

the “traverse effect” which is illustrated in figure 1.1. 

 

Even worse, notice from figure 1.1 that neighboring windows along the order parameter will likely 

be discontinuous in phase space even though they overlap in order parameter space, leading to what 

is known as “pseudo phase space overlap”. It is clear from these limitations that a more robust 

sampling scheme is necessary to adequately describe complex biological events. One feature 

implemented in an effort ot preserve dynamic degrees of  freedom while crossing free energy 

barriers in OP space is to enable the system to under go an order parameter space random walk. It is 

important to note that when employing a random walk, when a system leaves a state (state A) toward 

a second state (state B) it must be propagated back within a finite time (and vice versa) to fulfill 

necessary ergodic requirements. This type of  sample checking enables determination of  whether the 

sampling of  the system is valid, and if  subsequent conclusions derived from those samples are 

correct. 

Some methods, such as the aforementioned umbrella sampling, simply cannot achieve this type of  

reversibility due to limitations of  their design, and are actually so inadequate that its result cannot 

even be determined to be wrong. Following along the lines of  modified potential energy surfaces 

naturally leads us to first-order importance sampling techniques further described in section 1.2.2. 
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Figure 1.1: A model of  the traverse effect and pseudo-phase space overlap. Here, the desired 
process to be observed is the transition from state A to state B along order parameter ξ. The 
blue line represents the ξ-space path the process must take to naturally traverse from state A 
to state B. This model is divided into three “windows” (I,II, and III) by artificial barriers 
denoted by black vertical lines. Notice that no simulation from any window will be 
adequate, as the order parameter needs to cross these artifically imposed barriers to 
transition from state A to state B along the correct pathway. 
 
 

1.2.2 First-order Importance Sampling Techniques 

 

Generalized ensemble (GE) sampling is one variety of  importance sampling techniques (20). A key 

aspect of  first-order GE sampling, is the introduction of  adaptive recursion. In this first-order GE 

scheme, a new modified potential can be written as 

     = + � .     (1.3) 

 

Where � is an adaptively updated biasing potential with the final target − � . As you can see, 

the original distribution is modified in such a way that given adequate sampling, the originally rugged 
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potential energy surface will now be flattened along the order parameter,ξ, by the modified potential � . This flattening will enable larger fluctuations in the OP space and easier crossing of  energy 

barriers along the OP. Currently, there are multiple adaptive recursion techniques; Adaptive umbrella 

sampling, metadynamics, and adaptive biasing force (ABF). Adaptive Umbrella Sampling's recursion 

is easy to implement, robust and convergent. However it is extremely slow, as the free energy is 

calculated from the log of  the probability by, 

 

    � = − ln �� − � ,                              (1.4) 

 

where ρξ  is the probability of  state ξ and � is the adaptively updated biasing potential. 

Metadynamics works by adding a small, gaussian-shaped biasing potential at each sample point along 

the order parameter, and the free energy is recovered as the summation of  these gaussian potentials 

(21). While metadynamics is comparatively considered a fast recursion technique, and is easily 

implemented, it lacks the necessary robustness of  a good adaptive recursion technique. 

Furthermore, it will never fully converge because continually adding these bias potentials will cause 

an oscillatory behavior in the free energy's convergence. From an accuracy and robustness 

standpoint, ABF is is the best choice of  adaptive recursion techniques. In ABF, the free energy is 

determined by the integration of  the ensemble-averaged forces along the order parameter as shown 

in Eq 1.5. 

 

    � = ∫ � �′ �     (1.5) 

Where � = ��� − �ln|�|�� , and | J | is the jacobian term associated with the coordinate 

transformation between cartesian space and order parameter space (22). Thus, � is defined as the 
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overall gradient contribution from both the direct gradient along ξ as well as the gradient of  the 

jacobian related term. This recursion technique is fast, robust and convergent but can be quite 

challenging to implement computationally due to the difficult nature of  calculating the derivative of  

the natural log of  this jacobian contribution. 

 

1.3 Problems With Traditional GE Sampling Methods 

Although GE based importance sampling methods have been proven effective for flattening the free 

energy surface along a specified OP, there are still free energy barriers which exist in degrees of  

freedom that are independent of  the order parameter. These “hidden barriers” further prove the 

aforementioned fact that an intuitively selected order parameter is not adequate to describe a 

complex biophysical process. Ideally, an order parameter would reflect the minimum free energy 

path (MFEP) along the entire direction of  the OP. However, defining an OP in this fashion is 

impossible without already having obtained prior knowledge of  the system in question. Hidden 

barriers arise because progress along the order parameter is coupled to some unknown “slow” 

response(s) of  the system, which need to be activated to enable adequate sampling of  the order 

parameter space.  These “slow” responses, are the environmental relaxation (response) in the 

degrees of  freedom which are orthogonal to a chosen OP, and include all related motions which can 

affect sampling along that order parameter. This can include anything from solvent shell 

reorganization to the global motions of  macromolecules. Figure 1.2 has been included to pictorially 

illustrate some physical manifestations of  the environmental response.  

 

In this figure we see a model time series of  a generic protein binding to its ligand. Here the order-

parameter can be defined as the distance between the ligand and the center of  the protein's binding 

pocket, the exact binding  pathway is denoted by a dashed black line in figure 1.2(a). 
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   (a)                (b)       (c) 

Figure 1.2: Schematic process of  protein-ligand binding. In part (a) the order parameter for 
binding is the distance between the ligand and the protein cavity. Notice rearrangement of  
the protein's conformation is required for the ligand to enter, as denoted by black arrows 
and dashed lines in part (b). Part (c) illustrates the final conformation of  the desired 
binding process. 
 

Notice that without an environmental response in the degrees of  freedom orthogonal to the order 

parameter, the ligand would never be able to bind the protein because the protein itself  requires 

conformational rearrangement for the ligand to enter. Figure 1.2(b) illustrates some of  the more 

pictorially intuitive degrees of  freedom which represent protein motions that exist orthogonal to the 

order parameter. Here, these reorganizational motions are represented by the black double headed 

arrows and dashed lines. Notice that in (b), upon structural rearrangement, that the ligand can now 

enter the binding pocket of  the protein. Figure 1.2(c) illustrates the final desired binding pose of  the 

biophysical event, notice that more orthogonal protein motions were required to close the protein's 

cavity once the ligand has bound. One more example is the case of  lipid rearrangement and 

molecular reorientation upon transmembrane permeation of  an amphipathic molecule as illustrated 

in figure 1.3. 
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Figure 1.3: Schematic model of  a lipid bilayer and amphipathic molecule. The order 
parameter for the process is defined as the distance along the z-axis, which is also the 
membrane normal. As the molecule enters the membrane from the bulk solution, it must 
undergo orientational rearrangement which is not included in the pre-defined order 
parameter, in order to progress through the transition state,TS, to state B. 
 

In general, lipid bilayers are composed of  two very distinct regions, a solvent-exposed (and usually 

charged) headgroup region, (shown in figure 1.3 as a zwitterionic white ellipse), and an extremely 

non-polar hydrophobic core composed of  hydrocarbon chains of  various lengths, shown as the 

“tail” attached to the headgroup ellipse in figure 1.3. Furthermore, some small molecules that are 

passively transported across the membrane tend to be amphipathic, meaning that they are comprised 

of  both a polar and non-polar moiety. 

 

As seen in figure 1.3, when these amphipathic molecules first associate with the lipid bilayer in the 

initialization of  transfer from the bulk to membrane interior, it is the polar moiety that strongly 

interacts with with the charged head group region of  the bilayer, as signified by state A in the 

illustration. In this figure the pre-defined order parameter was chosen as the z-axis along the 

membrane normal.  In order for the molecule to complete its passive transport through the lipid 

bilayer it must not only become fully desolvated, but also requires orientational rearrangement of  
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the hydrophobic moiety through the transition state, TS, to the final state B as seen in the figure. 

Note that as the hydrophobic moiety swings into the membrane, past the polar, charged, head 

groups, that the polar moiety moves very little along the pre-defined order parameter (z). 

Furthermore, due to the tight packing of  lipid molecules together, membrane deformation and 

structural reorganization are key for a successful transport of  the amphipathic molecule into the 

bilayer. Because neither the orientation of  the molecule nor the arrangement of  the lipid molecules 

is included in the order parameter, both of  these processes should be considered as strongly-coupled 

environmental responses orthogonal to the order parameter. 

 

Now that there is some pictorial understanding of  the physical manifestations of  the hidden barrier 

problem, and orthogonal degrees of  freedom, figure 1.4 has been included to illustrate this effect in 

more detail. In this figure, the x-axis represents a pre-chosen order parameter and the y-axis 

represents the strongly coupled environment that is orthogonal to the order parameter. States A and 

B signify the two free energy minimum states, where state C represents the environment of  state A  

at the order parameter value of  state B. From this example you can see that simply flattening the 

free energy along the OP will still not enable transitions from state A to state B, but will actually lead 

the simulation to state C.  In order to follow the minimum free energy pathway from state A to state 

B (dashed line), synchronous changes need to occur both along the order parameter and in the 

strongly coupled environment. If  the needed environmental relaxation (response) does not occur, 

the system will visit state C instead. 

  
In previous studies (23), this phenomenon has been dubbed “Hamiltonian lagging”, furthermore the 

difference in free energy between the transitions along these two pathways are the “hidden” free 

energy barriers, as they are hidden from the space along the order parameter. 
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Figure 1.4: Model free energy surface in two dimensional space. This figure illustrates the 
relationship between a pre-defined order parameter and its environment. States A and C 
share the same environment but are at distinctly different positions along the OP. States B 
and C share a position along the OP, but exist in different environments. The blue dashed 
line between A and B denotes the minimum free energy path between the two minima,while 
the line between A and C is the pathway along the OP without environmental relaxation. 
 
From this example, and the downfalls of  the methods mentioned in earlier sections, it is clear that 

low-order importance sampling techniques are neither accurate nor robust enough to overcome 

hidden barriers and adequately sample a complex biophysical process. If  accurate and efficient 

potential of  mean force calculations are to be achieved, extension to higher-order sampling methods 

which will handle the orthogonal degrees of  freedom is required, as will be outlined in chapter two. 
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CHAPTER 2 

 

HIGH-ORDER ORTHOGONAL SPACE TEMPERING SCHEMES 

 

 
2.1 The Second-Order Orthogonal Space Tempering Method 

 

The Orthogonal Space Tempering (OST) scheme is a high-order generalized ensemble sampling 

scheme which can be utilized for synchronous acceleration of  sampling along both the order 

parameter and the environmental responses orthogonal to the order parameter's degrees of  

freedom. While quantification of  the desired target event is easily handled by intuitive spatial 

variables such as distance, RMSD, or dihedral angle, the quantification of  the environmental 

response is much more challenging. Because the environmental relaxation(response) involves all 

degrees of  freedom that correspond to the target event, it is essential that this complex process be 

adequately represented by an appropriate energy term. In the development of  the OST scheme, the 

generalized force, 

  

     = �� ,      (2.1) 

along the order parameter, , was found to be an effective second order parameter in quantifying 

environmental relaxation (24-26). To better explain generalized force and why it is a good order 

parameter for the environmental response, let us first understand some basic aspects of  Marcus 

Theory. Marcus Theory was originally developed in 1956 to explain electron transfer processes (27). 

 

As shown in figure 2.1 the energy surfaces of  two states, , and +Δ , can be described as shown. If  

the environment is fixed, the system must traverse along , and and overcome the transition state 

energy barrier (the point at which the two curves cross) to reach state +Δ . Without a fixed 
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environment, it is possible to activate the minimum energy at state  in such a way that it closely 

mimics the energy state of  +Δ . The energy needed for this activation is the vertical energy gap 

between the two curves (signified by the black arrow), which represents the aforementioned 

environmental response(relaxation). This figure shows that the vertical energy gap may indeed be a 

good order parameter to describe the environmental response. The term 
�� was then generalized to 

the continuous first derivative  
�� , and is used as a robust order parameter to describe the 

environmental relaxation of  the orthogonal degrees of  freedom.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
Figure 2.1: Model of  Marcus curves from Marcus Theory. The two curves represent the 
local energy surfaces of  two neighboring states,  λ and λ+Δλ. Environmental relaxation is 
realized by removing the vertical energy gap (black arrow). 
 

One way to verify that an order parameter is indeed good for a given process is to determine if  it is 

monotonic. 
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Figure 2.2 is introduced as a model to further verify that the generalized force  
��  is indeed a good 

order parameter for the environmental response. 

 

   (a)                  (b) 
 
Figure 2.2: Illustration showing the generalized force (shown here as dU/dx) is a robust 
order parameter to describe the environmental response. (a) A contour plot of  a model 
potential energy surface. Here x is the pre-defined OP and y represents the environment, A 
and B are the two energy minimum states for the system. (b). Representation of  generalized 
force of  the model system from (a) in x-y space, showing that the transition from state A* to 
B* changes monotonically with y. 
 

In figure 2.2 (a) the x-axis represents the pre-defined order parameter and  the y-axis represents the 

strongly-coupled, slow, environmental response. While A and B are the two energy minimum states 

for the model system. The color gradient, U, represents the system's free energy in x-y space. Figure 

2.2 (b) is the contour of  generalized force, � , in the same x-y configurational space as figure 2.2 (a). 

It is clear from this figure, that with the increase in y, the generalized force decreases monotonically 
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in the x-y space along the transition from region A* to region B*, thereby indicating even further 

that generalized force is indeed a good order parameter to characterize environmental relaxation, 

especially the state transition. 

 

Because the environmental response is adequately quantified by , we can now formulate the initial 

basis of  the OST sheme as the modified potential function 

    = + + , .    (2.2) 

Here the adaptive biasing potential  targets − , as  detailed in the first-order GE schemes. 

Additionally, the adaptive biasing potential ,  targets − , , the negative of  the free 

energy profile along  and , in the ensemble − . Because this scheme accelerates sampling 

along both the  and order parameters, we can consider this a second-order GE simulation 

method. 

 

2.1.1 Technical Details of  the OST Scheme  

 

As previously mentioned, there are a variety of  adaptive recursion techniques each with their own 

inherent benefits and detriments. The current version of  the OST scheme has a recursion kernel 

implemented in the aforementioned adaptive biasing force (ABF) framework. In order to achieve 

this implementation, some technical details must be addressed. 

 

 2.1.1.1 Dynamic Reference Restraining (DRR) 

 

One difficultly of  implementing an ABF-based recursion scheme for OST is the calculation of  

generalized force, . Due to the difficultly of  calculation, an analytical solution to  is not 
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tractable. To remedy this, a dynamic reference restraining (DRR) approach is utilized for both the 

order-parameter and environmental response variables.  In this method a virtual particle, , is 

embedded into the system's hamiltonian through the extended hamiltonian approach (28-29). In the 

extended hamiltonian approach, the virtual particle is coupled to the system being studied through 

modification of  the existing hamiltonian by, 

    = + + � − � ,    (2.3) 

where Ho is the original hamiltonian of  the system in question,� is the virtual particle's momentum, 

and� is the  particle's mass. The term � − �  will be detailed later in this section. Upon 

integration into the hamiltonian, the virtual particle then undergoes a random-walk in -space and is 

propagated using the langevin equation (30), moving continuously through a pre-defined range of  

values. In this context, the langevin equation can be described by 

 

     � = + −  .   (2.4) 

 

where R is a random number of  white noise meant to represent molecular collisions. R is generated 

with a gaussian shaped probability centered at zero. Fp represents the summation of  forces acting on 

the particle from the energetic terms included in the modified hamiltonian, and in the term , 

gamma is the viscous force acting upon the particle, proportional to the particle's velocity, which is 

described by . 

 

To keep the particle within the desired range, (0 to 1 in this case) a flat-bottom boundary restraint 

potential, , is introduced in the following form; 
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    = � −    , >�           , <                     , ≤ ≤     (2.4) 

 

Where � is a user-defined boundary restraint constant.  Now that we have introduced this 

particle to the system, it is dynamically restrained to the order parameter (the reference) by the 

harmonic term, 

 

     = � − � ,    (2.5) 

 

where� is the harmonic restraint constant for the lambda particle, and x is a function of  the pre-

defined order parameter described by, 

 

     � = �−� �� �−� � ,     (2.6) 

 

where ξmin and ξmax are the minimum and maximum values respectively, of  the order parameter's 

desired range and ξ is the instantaneous value of  the order parameter. Furthermore, an additional 

particle, φ, is also embedded into the modified hamiltonian leading to the form 

 

  = + + � − � + �� + �� � − �� .   (2.7) 

 

Here, ��is the φ particle's momentum, ��is its mass, and φ is restrained to the environmental 

response order parameter, , by the harmonic restraint potential, 
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       � = �� � − �� ,     (2.8) 

 

where φx is equal to and φ itself  is propagated by the same governing equations and in the same 

fashion as that of  the  particle. This restraint of  φ to indirectly enables sampling of  the space 

orthogonal to the order parameter, thereby overcoming some difficulty associated with direct 

calculation of itself. 

 

 2.1.1.2 Adaptive Update of  Biasing Potentials 

 

Upon embedding of  the virtual particles into the system's hamiltonian, the new working formulation 

of  the OST scheme becomes 

 

   = + + + � + + , � .                      (2.9) 

 

Here, still targets the negative of  the free energy surface − , while , �  targets − , � . From equation 2.9 we can now define a new target, ′ , �  as  ′ , � = + + � and from this, the ensemble-averaged derivative of  the generalized 

force of  , at any state, ′, �′  can be obtained by; 

  
� ′ ,��� | ′,�′ = ∑ � �−�� � − ′ � �−�′∑� − ′ � �−�′ ,         (2.10) 

 

while ′ , � is calculated by, 

   ′ ′, � = ∫ � ′ ,��� | ′,�′ �,                              (2.11) 
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Difficulties in constructing the two-dimensional surface, ′ , � , will arise because the surface is 

calculated independently at each -slice, with no relative height, or relationship to the other curves at 

different  states. To remedy this issue, a calibration is applied as follows in equation 2.12, 

 

′ ′, � = ′ ′, � − ′, ′, � + � ln∫ exp − � ′ ′,� −� ′, � ′,�
,                 (2.12) 

 

where ′, ′, � is the minimum value of  the free energy curve at ′ ′, � ,� is the boltzmann 

constant, and T is the system's temperature. Since φ is synchronously restrained to the generalized 

force, , through equation 2.8, their average values should be approximately the same. This enables 

estimation of at each state, ', by, 

 

   ′ ≈ � ′ = ∫ �exp[� ′,�� ] �∫ exp[� ′,�� ] �  ,                     (2.13) 

 

and successive recovery of  the entire desired PMF profile along  by the integration of ′along  

via 

 

    = ∫ ′ .            (2.14) 

  

 2.1.1.3 The Diffusion Sampling Problem 

 

In essence, orthogonal space tempering is a generalized ensemble scheme designed to 

simultaneously flatten the free energy surface along both the order parameter, , and its generalized 
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force, . Because the space orthogonal to the order parameter, quantified by , is spatially 

nonspecific, completely flattening the free energy surface along will continuously enlarge the 

exploration of  the system's phase space. This can be problematic because this continual expansion 

of  phase space will inevitably enable the system to sample unimportant or irrelevant configurations 

relative to the desired observable process (24,26). To remedy this, we define an orthogonal space 

sampling temperature, � , which will act as the effective temperature along the generalized force 

space. Upon this introduction, the modified potential function for the orthogonal space tempering 

scheme becomes 

 

   = + + + � + + , � .                 (2.15) 

 

Here,  is defined as = � −� and is the system's reservoir temperature. It is important to note 

that , � still targets − , � , however, its ability to flatten the energy surface along ( ,φ) is 

now scaled by a factor of  . If   is 0, the modified potential becomes that of  the first-order 

generalized ensemble schemes, and if   is equal to 1, � is consequently infinitely high, and the 

equation reverts to the original orthogonal space sampling scheme in which the phase space is 

continually enlarged. An appropriate selection of  , and consequently � , can effectively confine 

sampling in the orthogonal space to conformations and processes relevant to the desired observable 

event of  the system. 

2.2 Third-Order Orthogonal Space Tempering 

 

While the second-order OST scheme is a successful and novel adaptation of  the generalized 

ensemble sampling scheme for production of  PMF profiles, it is still not fully robust in its ability to 
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adequately and efficiently sample certain complex biophysical processes. Even when the free energy 

surfaces along both the order parameter,ξ, and the strongly-coupled environmental response (F ) are 

flattened, sometimes there still exist barriers hidden from both the order parameter, ξ, and the 

strongly-coupled environmental response order parameter,F . These weakly-coupled environmental 

responses exist in the environment of  the strongly-coupled environment, which is the space 

orthogonal to the generalized force F . The manifestation of  these slower, weakly-coupled 

environmental responses can range from  cavity formation in a liquid or long range conformational 

transitions, to wetting and de-wetting of  molecules, and much more. 

 

The occurrence of  these low frequency, weakly-coupled hidden barriers can have detrimental effects 

on the sampling accuracy and efficiency of  a given simulation. A second-order approach to sampling 

will not be sufficient to activate these slower, weakly-coupled motions. Instead, the second order 

scheme will be subjected to only a passive sampling of  these extremely slow, weakly coupled 

motions, whereas the third order approach will aggressively target and sample these slow motions. In 

addition, these weakly-coupled motions often exist on a timescale greatly exceeding that of  

practically achievable timescales in atomistic molecular dynamics simulations. Because third-order 

orthogonal space tempering is able to activate and couple these motions, sampling efficiency is vastly 

increased. In the second-order regime these slow processes can only be passively recognized, and 

never adequately sampled, thus leading to an oscillatory behaviour in free energy convergence. In 

instances when the oscillation timescale of  the weakly coupled events is exceedingly long, the second 

order simulations will not even be able to achieve passive sampling of  these events within one 

oscillation cycle. 
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 In some special, simple cases, this type of  very slow and weakly coupled response has only a minor 

contribution to the over all free energy or PMF of  a system. In some more rare cases, they have an 

oscillation frequency of  the weakly-coupled response that is short enough to be observed and 

described through various analyses seen in figures 2.3-2.5. 

 

First, lets present a test case of  passive transmembrane permeation of  dihydrogen sulfide through a 

1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) lipid bilayer. In this figure, the x-axis is 

the order parameter progression variable, . This progression variable is scaled  in such a way that 

0.5 represents the center of  the membrane interior, and the values 0 and 1 represent the extracellular 

and intracellular bulk solutions respectively and the value of  the progression parameter varies as the 

distance of  the dihydrogen sulfide molecule changes with respect to the membrane normal. The y-

axis is the free-energy value associated with the ensemble of  states sampled at each corresponding 

distance along the order parameter. Notice there are multiple states with minor discrepancies in free 

energy due to the aforementioned inability of  the second-order scheme to actively target and sample 

the weakly coupled processes. Specifically, the difference of  the free energies when the dihydrogen 

sulfide molecule is in the center of  the bilayer ( =0.5) as well as the minimum position at the 

interfacial region of  the lipid head groups and the tail, around =0.3. 

 

As previously mentioned, because there is no coupling of  the weakly coupled environmental 

response in the second order OST scheme, the passive sampling of  this environmental response will 

lead to oscillatory behaviours in free energy convergence. To further illustrate this effect, figure 2.4 

has been included below. Here, we compared the  convergence of  the second-order simulation's 

time-dependant potential of  mean force profile versus the final PMF profile of  the third order 

result. The x-axis denotes the time period of  the simulation in which the second-order PMF was 
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generated and the coloring denotes the root mean square deviation (RMSD) between the second 

order and third order PMF profiles in kcal/mol. Notice that as the simulation approaches the 70 

nanosecond mark, the free energy never fully converges, and instead oscillates between 0.08 and 0.3 

kcal/mol difference relative to the third-order result. This pictorially illustrates the oscillating weakly-

coupled environment and the effect of  second-order's passive sampling of  this environment. 

 

 
 
Figure 2.3 : Potential of  Mean Force profiles for passive transmembrane transport of  
dihydrogen sulfide. Red: The PMF profile of  a third-order OST simulation. Green: the PMF 
profile of  a second-order OST simulation. Note there is approximately a 0.25 kcal/mol 
difference between these curves at the membrane center and that the free energy minimum 
at the interfacial region at which the dihydrogen sulfide resides shows minor discrepancy 
between second and third order treatments. 
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Figure 2.4: Time series comparison of  the time-dependent second order PMF profile to the 
fully converged third-order result. The x-axis denotes the simulation time at which the 
second order PMF was generated. The coloring  denotes the (RMSD) between the second 
order and third order PMF profiles in kcal/mol. Notice the oscillatory behavior of  the 
second order convergence as it can only passively sample the weakly-coupled environment. 
The axes represent simulation time in nanoseconds. 
 

As can be seen in figure 2.5 this will lead to a simulation result that will never fully converge to the 

correct result. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.5: Maximum deviation of  the second order result compared to the final third order 
result. Notice that the simulation never fully converges to the correct result as a 
consequence of  the inability to actively target and sample the weakly-coupled 
environmental responses. 
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2.2.1 Technical Details of  the Third-Order OST Scheme 

 

A natural evolution of  the second-order OST scheme, the third-order OST scheme extends the 

themes from section 2.1 to encompass the aforementioned weakly-coupled environmental 

responses. In this case, we again embed another virtual particle, , into the hamiltonian such that the 

working formulation of  the OST scheme now becomes 

 

= + + � − � + �� + �� � − �� + + � − � .       (2.16) 

 

Here, �  is the particle's momentum, and � is the particle's mass. Furthermore, in following with 

the trend in development of  the second-order OST scheme, we have now also restrained this new 

particle, , to the generalized force acting upon F , through the harmonic restraint potential, 

 

    = � − � ,     (2.17) 

 

where kx is equal to Fφ , the weakly-coupled environmental response, which is the generalized force 

acting upon the strongly-coupled environmental response, F . Kappa itself  is propagated in the same 

fashion as the  and φ particles from section 2.1. This naturally enables the construction of  the 

modified potential as 

 

 = + + + � + + + , � + ℎ , �, .         (2.18) 
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Where,  still targets the negative of  the free energy surface − , and , � still 

targets − , �  but now we have a new term, ℎ , �, which now targets − , �, , the 

negative of  the free energy in the spaces orthogonal to the strongly-coupled environmental 

response. The term  is included to limit the diffusion of  sampling in this space with another 

effective sampling temperature, in the same fashion that works upon , � . When  is zero, the 

scheme reverts to the second-order OST sampling scheme, and when  is 1, the sampling of  phase 

space in the weakly-coupled environment will continue to expand, much like the diffusion sampling 

problem with second-order OST. Thus, an appropriate selection of  both and   will enable 

adequate confinement of  both the strongly and weakly-coupled environmental response order 

parameters. 

 

From equation 2.18 we can now define a new target, ′ , �, as ′ , �, = + + � +
and from this, the  ensemble-averaged derivative of  the generalized force of �, at any 

state, ′, �′, ′ can be obtained by, 

 

    
� ′ ,�,� | ′,�′, ′ = ∑ − � � − ′ � �−�′ � − ′∑� − ′ � �−�′ � − ′ , (2.19) 

 

while ′ , �, is calculated by 

 

   ′ ′, �′, = ∫ � ′ ,�,� | ′,�′, ′ �.   (2.20) 

 

As with the second-order case, difficulties in constructing the three-dimensional 

surface, ′ , �, , will arise because the surface is calculated independently at each ( ',φ') slice, 
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with no relative height, or relationship to the other curves at different states in the function. To 

remedy this issue, a similar calibration is applied as follows in equation 2.21, 

′ ′, �′, = ′ ′, �′, − ′, ′, �′, + � ln∫ exp − � ′ ′,�′, −� ′, � ′,�′,
, (2.21) 

 

where ′, ′, �′, is the minimum value of  the free energy curve at ′ ′, �′, , � is the 

boltzmann constant, and T is the system's temperature. Since k is synchronously restrained to �, 

through equation 2.17, their average values should be approximately the same. This enables 

estimation of �  at each state, ( ',φ'), by 

 

   � ′,�′ ≈ ′,�′ = ∫ exp[ℎ ′,�′,� ]∫ exp[ℎ ′,�′,� ] .          (2.22) 

 

From the result of  equation 2.22, we can now construct , � and consequently the two-

dimensional sampling target, ′ , � by integrating the resultant ensemble-averaged k values across 

the φ dimension at each state ' via equation 2.23. 

 

    ′ ′, � = ∫ ′,�′ �    (2.23) 

 

Because this surface is still calculated independently at each -slice, with no relative height, or 

relationship to the other curves at different  states, the same calibration scheme from equation 2.12 

is applied to the curves generated from equation 2.23 and subsequently, the ensemble-average of  the 

strongly-coupled generalized force, F , by equation 2.13. This finally enables the elucidation of  the 
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full PMF profile of  the desired observable process by integration of ′along  via the application 

of  equation 2.14. 

 

 2.2.1.1 Adaptive Dynamic Reporting (ADR) 

 

In the previously outlined dynamic reference restraining scheme, it has been shown how the order 

parameters are restrained to their corresponding virtual particles through the extended hamiltonian 

scheme. It has also been shown how these virtual particles are propagated using the forces derived 

from the modified potential energy function such as the one from equation 2.18. While this novel 

approach enables adequate sampling and accurate recovery of  the potential of  mean force profiles, it 

still falls victim to some aspects of  sampling efficiency, leaving more to be desired. In DRR, the 

system is restrained to the various virtual particles through the harmonic terms detailed in the 

previous sections. Because of  this restraint, and the fact that the forces from the modified potential 

only act upon these virtual particles, and not the real atoms in the system, the evolution of  the 

system is “dragged” by the propagation of  the virtual particles. This means that the system is unable 

to instantaneously respond to changes of  state or environment, drastically affecting the simulation's 

sampling efficiency. 

 

With this in mind, the adaptive dynamic reporting (ADR) method was developed with the purpose 

of  applying as much force as possible from the adaptively updated biasing potential(s) onto the real 

atoms in the system. In doing this, the new working formulation of  the orthogonal space tempering 

scheme's modified potential becomes 

 

 = + + + � + + + , �� + ℎ , �� , � . (2.24) 
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Notice here that there are no new terms, as фx and кx have been described in previous sections. 

However, the adaptively updated biasing potentials, gm and hm are now  functions of  these variables 

instead of  their correspondingly restrained virtual particles. There is also no change in the sampling 

targets of  these functions, as gm and hm  still target the negative of  the free energy in their  respective 

ensembles. Because фx and кx are ultimately functions based on the real atoms of  the system, when 

the derivative forces from the modified potential are applied during the propagation of  the system, 

the contributions from the adaptively updated biasing potentials gm and hm are now directly applied 

to the atoms in the system instead of  solely being applied to the virtual particles as is the case in the 

dynamic reference restraining scheme. Consequently, due to the harmonic restraint in this case, the 

virtual particles no longer “drag” the system along, but simply become reporters of  the changes in 

the system's environmental response. 

 

 2.2.1.2 Non-Uniform Targeted Sampling (NUTS) 

 

Because the free energy of  a system is unknown apriori it is impossible to know the shape of  the 

PMF profile. During the sampling process, as the profile becomes more well elucidated, steep 

changes in the free energy profile may appear. Due to the flattening of  free energy barriers handled 

by the OST scheme that have been described in previous sections, the system can quickly evolve 

away from regions where the free-energy changes sharply, before adequate sampling has been 

achieved at this state. Because of  this, it would be advantageous to allocate more sampling time and 

resources to these regions along the order parameter which has led to the development of  non-

uniform targeted sampling (NUTS). 
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If  we examine the first derivative of  the free energy profile versus the order parameter, we can 

extract the information needed which will identify the areas that require more resource allocation. 

The slope, or “steepness” of  this curve (the second derivative,� �� ) between any two chosen points 

enables determination of  precisely where along the order parameter to allocate the additional 

resources. The steeper this second derivative, the more resources will be required for this state. 

Furthermore, the thermodynamic length of  the line between these points will be longer the more 

rugged the curve is within this region. From this information, we can determine the quality of  

sampling between the two chosen points, as the more well-sampled the region is- the smoother the 

curve, and subsequently the shorter the thermodynamic length will be. 

 

Now that this problem has been identified, a method must be put in place to enforce this allocation 

of  resources in the under sampled and sharply changing regions. Because this arises as an effect of  

the flattening of  the free energy surfaces, the easiest way to ensure targeted sampling in these 

regions is to introduce some local ruggedness to the free energy landscape. This local ruggedness 

can be achieved by the addition of  an additional term to the modified potential that is based upon 

both the second derivative as well as the thermodynamic length. Upon this addition, the full 

modified potential now takes the form 

 = + + � + + � + + + , �� + ℎ , ��, � . (2.25) 

 

Notice the only new term is the function τ( ), which can be described by equation 2.26 as follows 

 

    � = −� ln{√� �� + }.    (2.26) 
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Here, kb is the boltzmann constant, T is the system's reservoir temperature, 
� ��  is the second 

derivative of  the free energy profile along the order parameter, , and C is a term representing both 

the second derivative as well as  the aforementioned thermodynamic length, and is defined as 

    = √∫ √ �� + −�� .    (2.27) 

 

Now that there is some understanding of  the power, efficiency, and accuracy of  third-order 

orthogonal space sampling schemes, the following chapters will provide a detailed description of   

the real-world application of  this method to relevant and complex biophysical processes. The 

following chapters will explore insights and detailed analysis of  complex biophysical phenomena 

such as transmembrane permeation, intramolecular binding and recognition, intermolecular binding 

and recognition as well as electrostatic steering and more. 
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CHAPTER 3 

 

OST APPLICATION TO 

TRANSMEMBRANE PERMEATION 

 

 
3.1 Introduction 

 

 
Understanding the process of  passive transport of  molecules across biological membranes is of  

paramount importance, especially in areas from biology to the pharmaceutical and medical 

industries. For example, understanding the mechanistic insights of  molecular permeation is crucial 

for understanding bioavailability, as well as drug design and discovery. Although most membranes 

have elaborate systems of  integrated proteins responsible for the active transport of  many 

molecules, passive permeation is still the most common way upon which solute molecules traverse 

cell membranes. This passive permeation is especially true for  laboratory-designed drug molecules. 

 

Furthermore, due to the complicated interactions of  membrane proteins in the lipid bilayer(31-32), 

it is a reasonable approach to first understand the transmembrane permeation of  the essential 

building blocks of  these proteins, such as amino acid side chains and analogues. The molecules that 

are to be studied typically can be classified into three primary categories; highly-polar molecules 

(such as arginine, lysine, etc), highly nonpolar molecules such as benzene for example, and large 

bulky molecules, such as amantadine, which we will examine for part of  this study. 

 

One important task that should be addressed when examining the details of  transmembrane 

permeation for small molecules is to understand both the localization and orientational behaviours 

of  these molecules throughout the entire permeation process. Although there have been numerous 

studies on the passive transport of  many different small molecules  from plant pigments to small 
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designed drug molecules, there have only been three types of  localization behviours identified in 

these studies; localization at the hydrophobic interior (center) of  the lipid bilayer, localization at the 

head group's acyl-chain interfacial region, and some which have absolutely no discernable 

localization at all (33-53). 

 

In terms of  orientation, many previous studies primarily emphasized the orientational study of  

amphipathic and and charged residues at the membrane's interfacial region (43-53). According to 

these studies, the hydrophobic portion of  these molecules is inserted into the hydrophobic core of  

the lipid bilayer, while the polar portion of  these molecules tends to “snorkel” its way toward the 

charged lipid headgroups. From these studies, it has also become a well accepted understanding that 

the interactions between the small molecule and phospholipids is a key factor in determining a small 

amphipathic or charged molecule's orientation and localization properties. Furthermore these 

studies have gone on to show that it is the electrostatic interactions between water molecules, lipid 

head groups and the polar portion of  the small molecule that is the driving force for the 

aforementioned “snorkel effect” causing localization at the interfacial region (36-38,43-46,48-53). 

Because of  the very detailed interactions between the small molecules and the membrane's interior, 

the structural make up of  the small molecule itself  should only be one of  many factors considered 

in understanding these localization and orientational behaviours. Currently there has been no 

verifiable, general, relationship between the localization and orientational behviour of  a small 

molecule and its structural composition. 

 

3.2 Characterization of  Arginine Side Chain Analogues in Lipid Bilayers 

 
Arginine is an unusual residue due to the fact that it almost exclusively likes to be charged. In fact, its 

incredibly high pKa value indicates that it is extremely rare to find this side chain in the neutrally 
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charged form (if  it even exists) (54). Despite the importance of  this residue for the structure and 

function of  proteins, antimicrobial peptides, and protein-mediated membrane fusion, very little is 

known about the protonation state of  this residue in nonaqueous environments. 

 

In recent years there has been tremendous interest generated specifically in understanding the 

protonation state of  arginine residues in the lipid bilayer. Primarily, this interest was originally 

generated by the study of  potassium channels in the membranous environment when it was 

observed that these channels may have many charged arginine side chains which are in contact with 

the low dielectric, hydrophobic interior of  the membrane environment. While traditional 

understanding of  electrostatic models implies a strong disfavorability of  the transfer of  charged 

species from bulk solution to the low dielectric region of  the membrane interior, recent 

experimental research indicates that the energy required to transfer charged residues into the 

membrane interior is significantly lower than previously anticipated (57), though the mechanistic 

insights and residency locations of  these residues continues to remain elusive. 

 

Some molecular dynamics studies have suggested that the lipid membrane can undergo local 

deformation in such a way that the polar head groups of  the lipid as well as some water molecules 

can permeate into the membrane interior in order to stabilize the charged arginine residues within 

the membrane interior(54-56). One interesting caveat of  this observation from MD simulations is 

that these studies were performed under the assumption that the arginine molecules were in fact 

charged to begin with. It is instead entirely possible that the pKa of  arginine is drastically shifted to 

its deprotonated state at some depth within the membrane's interior environment. From this 

information is is clear that the energetics of  this transport process may not be completely dependent 

on dehydration of  the side chain but also involve very strong interactions with the polar headgroups 
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as well as associated interfacial water molecules drawn deeper into the bilayer's hydrophobic core, 

and even free energy costs associated with the aforementioned membrane deformations.   

 

Although experiments are able to macroscopically measure permeability of  molecules through 

biologically relevant membranes, the exact mechanistic details remain elusive. Due to the high 

computational cost of  all-atom simulations, these interactions and mechanisms can only be realized 

through accurate and efficient all-atom molecular simulations. Specifically, this work focuses on the 

permeation, localization, and positionally dependent pKa shifts of  both charged and neutral arginine 

side chain analogues in a POPC lipid bilayer as well as the membrane's interactions,motions, and 

deformations in response to the charge interactions during the passive permeation of  both charged 

and neutral forms of  the arginine side chain analogues. 

 
3.2.1 Adaptation of  OST Sampling to Transmembrane Permeation Processes 

 

 
As mentioned in previous chapters, the OST scheme is a general framework for which many 

purposes can be realized.  From the prediction of  large scale conformational motions, to alchemical 

free energy changes to even transmembrane permeation processes. In this specific case it is 

important to formulate a relevant order parameter, ξ, that is relevant to transmembrane permeation 

processes. One commonly employed order parameter is the distance of  the molecule's center of  

mass along the z-axis relative to the mass-weighted center of  a lipid bilayer. In this case, the system 

is built in such a way that the z-axis is oriented to be normal to the membrane's headgroup surface. 

In this instance, U  from equation 2.5 remains unchanged, however the general definition of  x from 

equation 2.6 which this formula utilizes, is specifically arranged to the form, 

 

    � = � − ��− � ,     (3.1) 
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thus allowing the order parameter progression variable, , to correlate to the z-axis position of  the 

arginine molecules. In this specific context, Zmax and Zmin are +30.0 angstroms and -30.0 angstroms 

respectively, relative to the lipid bilayer's center along the z-axis. 

 

3.2.2 Technical Details of  Simulation 
 
  
The orthogonal space tempering scheme was implemented in CHARMM utilizing the CHARMM-

C36 molecular force field for this study(58-60). The water molecules in the study were treated with 

the general TIP3P parameters. Parameterization of  the arginine side chain analogues (both charged 

and neutral) for energy calculations are the same as their corresponding amino acid. The charged 

arginine analogue was prepared by the truncation of  the arginine at the -carbon and subsequently 

replacing the -carbon with the requisite number of  hydrogen atoms. The POPC membrane itself  

was comprised of  64 POPC molecules, with 32 in the upper leaflet and 32 in the lower leaflet. This 

constructed bilayer was then covered by a total of  3710 water molecules on its respective upper and 

lower surfaces. In order for the bulk solution to have the proper molarity(61), 3 potassium and 4 

chloride ions were also included in the solution. Once built, the system's dimensions of  each 

repeating unit cell was 44.25x44.25x87.50 angstroms. Upon construction on this system, the arginine 

analogues were then each placed into the bulk water region of  their respective systems and 

equilibrated for 70 picoseconds of  simulation time. This setup is consistent with the procedure 

provided by CHARMM-gui (62). 

 

Both simulations were performed in the NPT ensemble with the lipid bilayers centered at 

coordinates (0,0,0) throughout the entirety of  the simulation. The pressure was held consistently at 1 

atmosphere and the system's temperature was set to the melting temperature of  POPC lipids, 303.15 
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Kelvin.  To maintain constant pressure and temperature, we employed  the Langevin piston and 

Nose-Hoover thermostat algorithms respectively(63-64). The treatment of  long-range electrostatic 

interactions was handled by the particle mesh Ewald (PME) method (65) and the short-range 

electrostatic interactions were switched off  at 10.0 angstroms. All bonds containing hydrogen atoms 

were constrained using the SHAKE algorithm (66) and the system was propagated with a finite 

timestep of  1 femtosecond. Trajectory information was saved every 500 femtoseconds for later use 

in data analysis. The  and  parameters which control the orthogonal space sampling temperature 

were each set to 0.999. The adaptive biasing potentials, fm( ),gm( ,φx), and hm( ,φx,kx) , as well as the 

NUTS function, τ( ) were all updated every 1 picosecond. The restraint constants, k  , kφ , and kk 

were 45,000 kcal/mol/Å2 , 7.5x10-5 kcal-1 mol-1, and 19,400 kcal/mol   respectively. Because the 

constructed POPC lipid bilayer is symmetric in theory,the  fm( ),gm( ,φx), and hm( ,φx,kx) terms were 

treated with enforced symmetric updating about the center of  the lipid bilayer (Z=0). 

 

3.2.3 Results and Discussion 

 

Before discussing the details of  the PMF profiles it is first necessary to divide this membrane system 

into intuitively relevant regions for better pictorial understanding of  permeation depths and ranges 

in this study. The first region,I, is the region occupied solely by the bulk solvent (water and ions) 

which occurs between the ranges z=30Å  to 22Å and z=-30Å  to -22Å.  The second region, II, is the 

interface between the bulk solvent and the charged lipid headgroups, which occurs between the 

ranges of  z=22Å  to 19Å and z=-22Å  to -19Å. The third group, III, is the region occupied by the 

lipid head groups, corresponding to the ranges of  z=19Å  to 16Å  and z=-19Å  to -16Å. The fourth 

group, IV, is the interfacial region between the lipid headgroups and the acyl-chain. The range of  
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group IV is from z=16Å  to 12Å  and z=-16Å  to -12Å. The final group, V, is the hydrophobic core 

of  the lipid bilayer, ranging from z=±12Å  to 0Å. 

 

 3.2.3.1 Validation of  Sampling and Convergence of  PMF   

 

In order to formulate a sound conclusion from the data obtained through simulation predictions, it 

is first essential to determine the quality of  these predictions. Especially in regards to sampling, 

convergence of  the potential of  mean force profiles, and fulfillment of  ergodic requirements 

(ergodic sample checking). Since the quality of  a PMF profile is determined collectively by both 

accuracy and precision of  the reported result, we must first devise some way to effectively and 

adequately evaluate the convergence of  the PMF profiles. 

 

In many previous studies, the conventional evaluation of  PMF profiles was done strictly by the 

analysis of  standard deviation. This is, however, problematic as standard deviation is only able to 

provide the precision for a selected series of  measurements, but neglects the aspects of  accuracy. To 

illustrate this, lets consider the application of  thermodynamic integration from equation 1.4. As is 

evident from the equation, the TI formula is dependent on the estimation of  generalized force along 

the pre-defined order parameter. This can become problematic if  the system in question becomes 

trapped at some point along the order parameter because, the generalized force at other states along 

the order parameter will not be well sampled or accurate. In this case, the standard deviation of  the 

free energies extracted via TI will be incredibly small, but this does not guarantee that the entire 

predicted free energy profile will be accurate. While standard deviation is a reasonable way to 

evaluate the precision of  a PMF profile, this only holds for situations where sampling in the target 

space is sufficient. Thus, even if  very small standard deviation values are obtained, free energy 
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profiles can only be considered converged if  there has been adequate sampling of  the entire 

configurational space along the defined order parameter. One such way to determine if  the sampling 

of  system is indeed adequate is to validate the simulation through the ergodic sample checking 

mentioned previously. 

  

Notice that in figure 3.1 the system is easily able to leave and return to each state along the order 

parameter, often many times, within the timescale of  the simulation. This validates the ergodic 

sampling condition, and consequently indicates adequate sampling of  the transmembrane 

permeation process for these small side chain analogues. It is also important that the convergence of  

the free energy profile is measured so that one may know how long it takes the system's 

 

   

               

 

   

       (a) 

 

   
 
 
 
   
                                                
   
       (b) 
 
 
Figure 3.1: Time dependent trajectories for the arginine molecule's insertion depths within 
the membrane. (a) Is the charged arginine side chain analogue (ArgH+) and (b) Is the 
neutrally charged arginine side chain analogue. 
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samples to become decorrelated with one another. If  the measurements are not independent of  one 

another, severe underestimation of  error will occur. Theoretically, we should be able to determine 

the autocorrelation time of  the system, but since this calculation is quite intensive, it is much safer to 

take the simulation time as the amount of  time for the simulation to complete a single trip. In this 

context, a single trip can be defined as when a part of  the whole trajectory from the simulation 

shows the molecule completely travel from the bulk solution of  region I to the membrane center 

(region V) or vice-versa. This assumption of  the decorrelation of  measurements is reasonable 

because after a single complete trip, the environment surrounding the molecule is entirely different 

in these two regions. 

 

Another potential source of  error that must be addressed in the validation of  the results is the fact 

that thermodynamic integration is the formula used to compute the free energy along the order 

parameter. Because this is an integration based approach, the deviation is naturally low at the starting 

point, but as integration progresses along the order parameter, error will be accumulated at the 

ending point, which in this case is the membrane interior (z=0). This means that any direct error 

analysis and its subsequent result will fail to adequately calculate the precision of  the PMF profile. 

Thus, to properly perform error analysis, we must first align the free energy profiles. To align the 

profiles, the root mean squared deviation (RMSD) between two profiles,(fm,fn),was calculated by 

equation 3.2, 

     � = √∑��= �− �� ,       (3.2) 

 

where N represents the number of  discrete points along a single instance of  the free energy profile, 

while n and m are the index numbers corresponding to the time at which each PMF profile was 
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generated. The alignment of  these profiles was then ultimately achieved by minimization of  the 

RMSD between the two curves. This comparison can be used to determine convergence as seen in 

figure 3.2.    

 

As one can see from the figures, both simulations converge very quickly, and without oscillation 

after only about 70 nanoseconds for the neutral analogue case and only 25 nanoseconds for the 

charged analogue. This ensures validation of  the quality of  the final result and also shows that the 

convergence will not oscillate after some time as is seen in other nonconvergant free energy 

calculation methods.  A better visualization of  the convergence of  the results can be described by a 

new parameter known as  maximum deviation. Based on equation 3.2, its clear that each pair of  free 

energy profiles (m,n) has its own specific RMSD value. The “maximum deviation” of  the overall 

profile's convergence at some time to is equal to the largest RMSD value when both the m ≥ to  and 

n ≥ to conditions are fulfilled. From this, we can now clearly see what the largest uncertainty for a 

specific free energy profile is after a specific amount of  simulation time. Therefore, this time-

dependent maximum deviation can provide information about the quality of  the free energy profiles 

as well as how long the simulation takes to become converged within some desired range of  energy 

values. The time dependent maximum deviations of  both ArgH+ and Neutral arginine side chain 

analogues are shown in figure 3.3. 

 

As the figures show, both systems converge relatively quickly, within 80 nanoseconds for the charged 

analogue and 150 nanoseconds for the neutral analogue, the maximum deviation has already 

dropped to within 1.0 kcal/mol and continues to decline upon further sampling and refinement of  

the system.  Once adequate analysis of  the sampling and convergence has been realized, we can 

finally take a look at the final PMF profile provided at the end of  the simulation time. 
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      (b) 

 
 
Figure 3.2: Time dependent convergence analysis of  (a) the charged arginine and (b) the 
neutral arginine side chain analogues. Coloring denotes the calculated RMSD as described 
in this section, in kcal/mol. The axes represent simulation time in nanoseconds. 
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                 (a) 
 
                                                     

       
 (b) 

 
 
 
Figure 3.3: The time-dependent maximum deviation of  (a) Neutral arginine and (b) 
charged arginine side chain analogues. 
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Figure 3.4 below provides the PMF profiles for both the charged and neutral arginine analogues 

described in this section. 

       

As is expected, the charged arginine analogue from figure 3.4 (a) has a higher free-energy value when 

fully exposed to the low dielectric, hydrophobic core of  the membrane's interior than does the 

neutral analogue shown in part (b). The free energy differences between the bulk solvent and the 

hydrophobic bilayer interior are 21 kcal/mol and 18 kcal/mol for the charged and neutral analogues 

respectively. At the interfacial region specifically, the charged analogue has a free energy minimum 

depth of  -2.38 kcal/mol and the neutral analogue has a free energy minimum depth of  -2.01 

kcal/mol.  The difference between these two analogues at the membrane center is approximately ~3 

kcal/mol. Furthermore, it is evident from these figures that both of  the analogues are most 

frequently localized, and energetically stable when in the lipid headgroup or interfacial region,  

though as expected, the charged arginine molecule has a slightly higher affinity for this region due to 

its electrostatic interactions with the polar head groups as well as its energetic disfavorability of  

entering the low dielectric region of  the hydrophobic membrane interior. Now that we have 

identified the localization behaviour of  the arginine analogues, let us now examine the aspects of  

depth-dependent orientational behaviour as the molecule is passively transported through the lipid 

bilayer. Using the z-axis (membrane normal) as a frame of  reference, the following analysis describes 

the angle-dependent free energy exhibited by these molecules at various insertion depths throughout 

the bilayer as seen in figure 3.6. The tilt angle,θ, from these figures is defined as the angle between 

the membrane normal and a vector drawn pointing to the polar region of  the molecule from the 

nonpolar region. This vector begins at the mass weighted center of  the nonpolar moiety and ends at 

the mass weighted center of  the polar moiety as shown in figure 3.5. 
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                 (b)  

   
 
Figure 3.4: Potential of  Mean Force profiles for (a) charged arginine side chain analogue 
and (b) the neutral arginine side chain analogue. Shown as a function of  the distance from 
the lipid bilayer's center. 
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Figure 3.5: Nonpolar-polar vector used to determine angular orientation, θ, relative to the 
membrane normal.     

 

     
Please note, that although the neutral analogue is uncharged, it still has a polar moiety, enabling the 

molecular vector to be drawn in the same fashion for consistency in comparison between the two 

species. 

           

(a) 

 

 

                     

 

 

(b) 

     

   

      

Figure 3.6: Free energy of  angular distribution of  (a) Neutral arginine and (b) charged 
arginine side chain analogues. Shown as a function of  distance from the hydrophobic 
membrane core. 
  

Notice from the figures that when the molecule is in the bulk solution, it is randomly oriented, and 

the fluctuation range of  its tilt angle is broad and near-isotropic. However, if  the arginine molecules 
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are in certain regions of  the membranous environment, specifically, as they approach the interior, 

the molecule is held at a very specific orientation, and the range of  angles accessible to this molecule 

becomes very small. This observation implies that the polar moiety and its interactions between the 

charged head group region of  the membrane determines the overall orientational behaviour of  the 

molecule. This is consistent with the snorkeling phenomenon mentioned previously. Even more 

interesting is the strongly charged arginine analogue maintains its interactions with the headgroup 

region of  the membrane, even when it resides at the hydrophobic center of  the bilayer system. 

 

 3.2.3.2 Lipid Deformation and Interactions at the Hydrophobic  Interior 

As many studies have previously determined (48,54-56),  when arginine is present at the interfacial 

region of  a lipid bilayer (especially charged arginine), it can cause quite large structural deformation 

of  the membrane as well as incorporate water defects. This is primarily due to the fact that the 

membrane's surface needs to form a cavity in order for arginine to permeate into the bilayer, thereby 

enabling the water defects to comprimise the integrity of  the membrane system. 

 

In order to illustrate this effect, as well as to demonstrate the deformation effects within the 

hydrophobic interior, this study examines the density of  acyl-chain carbons of  the lipid bilayer at 

various insertion depths throughout the permeation process. This local acyl-chain density, ρ, of  the 

acyl-chain carbon atoms at molecule insertion depth, zi , is calculated by equation 3.3, 

 

     � = ∑������ℎ ,     (3.3) 

 

where Nzi is representative of  the number of  acyl-chain carbons, S is the cross-sectional area and Δh 

is the binning size along the Z-axis. In this case the radius of  the cross-sectional area was set to 7 
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angstroms and the bin size,  Δh, was set to be 0.25 angstroms. Through the analysis of  this acyl-

chain density we can determine many permeation behaviours such as the global effect of  the water 

defects on the lipid bilayer, hydrophobic packing, and lipid frustration. The calculated lipid density 

distributions for both charged and neutral arginine analogues at different insertion depths are shown 

in the figure 3.7. The  trends are similar for both the charged and neutral arginine analogues, which 

can lead us to the conclusion that its primarily the polar moiety and not its charge state that dictates 

the orientation, localization, and deformative properties of  the transmembrane permeation process. 

At an insertion depth of  -30.0 angstroms, the ligand is residing exclusively in the bulk solution, from 

the figure it is clear that the lipid bilayer is relaxed and at equilibrium. The acyl-chain densities are 

relatively similar in both leaflets and the membrane thickness (based on acyl-chain density, thus 

neglecting headgroups) is the preferred 40 angstroms. As the ligand associates with the lipid 

headgroups at -20.0 angstroms, the headgroups are forced to begin reorganization, causing some 

minor deformation in the closest associated leaflet. As the headgroups are pushed toward the 

membrane interior, this also begins shifting the acyl-chain densities causing a slight increase in 

density in the opposing leaflet and furthermore, causing a minor decrease of  approximately 1 

angstrom in overall membrane thickness. Once the molecule has traversed to the acyl-chain 

interfacial region, beyond the charged headgroups its polar moiety has begun to bring water 

molecules with it from the bulk solution causing some additional loss of  membrane density in the 

nearest leaflet, meanwhile the molecule also continues to pull the charged portion of  the lipid 

headgroups toward its polar moiety as it begins its journey into the low-dielectric, hydrophobic 

interior of  the bilayer's structure. This attraction of  both the bulk water and lipid headgroups 

creates pressure at the lipid headgroup – bulk water interface causing the already existing deformity 

to become larger as well as shifting some of  the internal acyl-chain heavy atoms further toward the 

opposing leaflet. 
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      (b) 

        (b) 
 
Figure 3.7: Density distribution of  lipid acyl chain carbons across the entire lipid bilayer 
based on the insertion depth of  the given arginine side chain analogue. Figure 3.7 (a) is the 
charged arginine analogue and figure 3.7 (b) represents the neutral form. Line coloring for 
these plots correspond to various molecular insertion depths which are described in the 
figure keys. 
 
This enhancement of  the defect further decreases the overall membrane thickness to approximately 

37 angstroms. At 7 angstroms away from the hydrophobic interior the arginine analogues are fully 

exposed to the hydrophobic core. To compensate for the presence of  a highly charged species, water 
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continues to flow into the bilayer through the previously formed defect, and to stabilize this 

energetically, the membrane undergoes a massive deformation to enable lining this water pore with 

its charged lipid headgroups. The membrane thickness is now a mere 34 angstroms and most of  the 

acyl-chain density that normally resides at near the headgroup interface is now replaced by water 

molecules. Upon reaching the center of  the lipid bilayer (0 angstroms along z-axis) the leaflet which 

the arginine molecule passed through has now been almost completely destroyed by the water defect 

introduced by the polar moiety. There is no acyl-chain carbon density in this region beyond 15 

angstroms from the center of  the bilayer, and the overall acyl-chain thickness of  the membrane has 

dropped to 34 angstroms. In the case of  the charged analogue, the lipid desperately tries to 

rearrange its hydrophobic interior, causing fluctuation (and sometimes an increase) in the acyl chain 

density of  the opposing leaflet. In the case of  the neutral analogue, a third-order effect is 

exemplified. Notice that the overall acyl-chain density also decreases on the opposing leaflet as well 

as in the nearest leaflet from which the neutral analogue enters. This decrease in opposing leaflet 

density can be attributed to the fact that the membrane deformation is not confined to just one side. 

As the polar moiety approaches the interior, it also draws water in from the opposing leaflet as well 

as carries some in from its nearest leaflet, attempting to create a water pore. The spatial occupation 

of  these water molecules causes depletion of  acyl-chain density on the opposing side as well as on 

the majorly deformed nearest leaflet. 

 

 3.2.3.3 Depth-Dependent pKa Shift of  Arginine 

 

Now that there is sufficient data to both validate the efficacy of  the simulation, as well as 

characterize the localization and orienational behaviours of  both arginine species, we can address the 

issue of  the protonation state of  arginine residues in the lipid bilayer. To do this, we calculate a 
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profile to describe the depth-dependent pKa shift of  the arginine as it traverses the lipid bilayer. The 

pKa shift can be calculated from the difference in free energy between the protonated and 

deprotonated analogue at any point along the PMF profile by equations  3.4-3.5. 

 

     �� = − +                    (3.4) 

 

                ��� = ��� � �.                                       (3.5) 

The results of  these calculations show the pKa shift and total pKa for the argine protonation state in 

figure 3.8 respectively. As the figure shows, the arginine's pKa is 14 in bulk solution and raises 

slightly to ~14.5 as it approaches the charged lipid headgroups.  

    

      
  

       
 
 
 
 
 
                          (a) 
 
 
 
         
 
 
 
 
 
 
         (b) 
 
 
Figure 3.8: Depth-dependant (a) pKa shift and (b) absolute pKa of  Arginine sidechain 
analogues 
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As the molecule traverses the membrane there is a gradual decrease in pKa all the way to the 

membrane center, where it finally reaches a pKa of  11, for a total shift of  -3.0 pKa units relative to 

the bulk solution. This result enables us to shed some light on the longstanding question as to 

whether arginine stays protonated in nonaqueous envrionments. As can be seen from the figures, the 

largest pKa shift does indeed occur at hydrophobic core of  the membrane interior as predicted. 

However, this shift is only -3 pKa units, which is far smaller than the 7 or more pKa-unit shift 

required for arginine to become deprotonated. From this it can be concluded that arginine does 

indeed stay in its protonated state throughout all regions of  the lipid bilayer. 

 

Now that we know arginine stays protonated, it is important to examine precisely why and how this 

highly charged species is stabilized in such a low-dielectric hydrophobic region. As previously 

mentioned, it has been proposed that the lipid membrane can undergo local deformation in such 

a way that the polar head groups of  the lipid as well as some water molecules can permeate into the 

membrane interior in order to stabilize the charged arginine residues. This is partially confirmed by 

the lipid deformation analysis preformed in section 3.2.3.2 where the acyl-chain carbon density is 

considerably lower due to the spatial occupation of  the water molecules which stabilize the charged 

arginine molecule when it is in the hydrophobic core of  the membrane. Furthermore, because this is 

a fully atomistic simulation, we can further confirm this hypothesis, and draw a more intuitive 

picture of  this process, by directly analyzing the trajectory in detail to  visually confirm the presence 

of  this membrane defect ,water localization, and orienattional behaviour of  the arginine molecules 

as seen below in figure 3.9. These snapshots show in detail as to how this charged species is able to 

traverse the lipid bilayer. From figure 3.9 (a) we can see that while in the bulk solution, the 

orientational preference of  the molecule is relatively unrestricted and both the outter and inner 
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leaflets of  the lipid bilayer are unperturbed. In figure set (b), the molecule then begins to associate 

its polar moiety with the charged lipid headgroups and begin the insertion process. 

    

  

  

  

  

 

 

 

 (a) 

 

 
 
          
    
      (b) 
 
 
 
Figure 3.9 – Trajectory snapshots for neutral arginine (left) and charged arginine (right) at 
increasingly deeper insertion depths. With lipid headgroup phosphates shown as green 
orbs. Note the formation of  membrane defects and stabilizing water molecules. 
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      (d) 
 
Figure 3.9 continued 
 

 

 
After crossing the lipid headgroup region and reaching the headgroup to acyl-chain interface many 

changes begin to occur (set c). First we notice the molecular orientation has flipped in order to 
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stabilize its polar moiety in the low-dielectric region of  the membrane interior, as was shown from 

the orientational free energy figures earlier in this section. Secondly, we notice a major defect in the 

nearest leaflet to the arginine molecule. As the arginine approaches the hydrophobic core it drags 

with it, many water molecules from the bulk solution in an attempt to stabilize its polar moiety. 

These water molecules however, are also strongly unfavored in the hydrophobic membrane interior, 

and as such, induce an even larger deformation in the outter lipid leaflet. To compensate for this 

influx of  water molecules, the lipid headgroup's charged phosphate group (shown as green spheres) 

fold inward, toward the hydrophobic core, lining the water pore created by the arginine's 

penetration. This deformative process continues as the arginine traverses fully to the center of  the 

lipid bilayer as seen in (d). 

 

From this series of  results we can definititvely conclude that arginine remains charged throughout 

the nonaqueous lipid environment of  the POPC membrane. With a modest pKa shift of  -3.5, and 

charge stabilization from both water molecules and lipid headgroups, these conclusions provide 

adequate and robust evidence to support this mechanism. 

 

3.3 Analysis of  Hydrophobic and Bulky Molecules 

 

While the molecules like arginine are currently a hot topic, there is still much to be learned about 

passive transmembrane permeation from the understanding of  localization and orientation of  

hydrophobic and bulky molecules which can play essential roles in cellular signalling. For example, 

protein channels specific to influenza A can be inhibited by amantadine, or various sodium gated 

channels can be inhibited by anesthetics (68-69). For this type of  interaction there are two possible 

mechanisms; either the molecule directly binds the protein channel, or the molecule first associates 
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with the membrane, and then the protein channel. Understanding the transmembrane permeation 

of  these molecules, while characterizing their localization and orientational preferences will enable 

us to shed light onto this mechanistic mystery. This study specifically focuses on the localization and 

orientation of  the benzene and amantadine molecules respectively. 

 

3.3.1  Simulation Details 

 

The orthogonal space tempering scheme was implemented in CHARMM utilizing the CHARMM-

C36 molecular force field for this study. The water molecules in the study were treated with the 

general TIP3P parameters. Parameterization of  the benzene and amantadine for energy calculations 

was performed by the CHARMM general force field.  The POPC membrane itself  was comprised 

of  64 POPC molecules, with 32 in the upper leaflet and 32 in the lower leaflet. This constructed 

bilayer was then covered by a total of  approximately 3447 to 3765 water molecules on its respective 

upper and lower surfaces. In order for the bulk solution to have the proper molarity, 4 potassium 

and 4 chloride ions were also included in the solution. Once built, the system's dimensions of  each 

repeating unit cell was 44.25x44.25x87.50 angstroms. Upon construction on this system, the 

benzene and amantadine molecules were then each placed into the bulk water region of  their 

respective systems and equilibrated for 70 picoseconds of  simulation time. This setup is consistent 

with the procedure provided by CHARMM-gui. 

 

Both simulations were performed in the NPT ensemble with the lipid bilayers centered at 

coordinates (0,0,0) throughout the entirety of  the simulation. The pressure was held consistently at 1 

atmosphere and the system's temperature was set to the melting temperature of  POPC lipids, 303.15 

Kelvin.  To maintain constant pressure and temperature, we employed  the Langevin piston and 
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Nose-Hoover thermostat algorithms respectively. The treatment of  long-range electrostatic 

interactions was handled by the particle mesh Ewald (PME) method and the short-range 

electrostatic interactions were switched off  at 10.0 angstroms. All bonds containing hydrogen atoms 

were constrained using the SHAKE algorithm and the system was propogated with a finite timestep 

of  1 femtosecond. Trajectory information was saved every 1 picosecond for later use in data 

analysis. The  and  parameters which control the orthogonal space sampling temperature were 

each set to 0.999. The adaptive biasing potentials, fm( ),gm( ,φx), and hm( ,φx,kx) , as well as the NUTS 

function, τ( ) were all updated every 1 picosecond. The restraint constants, k  , kφ , and kk were 

85,000 kcal/mol/Å2 , 7.5x10-5 kcal-1 mol-1, and 19,400 kcal/mol respectively for amantadine and  

45,000 kcal/mol/Å2 , 1.6x10-4 kcal-1 mol-1, and 18,400 kcal/mol for benzene. Becuase the 

constructed POPC lipid bilayer is symmetric in theory,the  fm( ),gm( ,φx), and hm( ,φx,kx) terms were 

treated with enforced symmetric updating about the center of  the lipid bilayer (Z=0). 

  

3.3.2  Validation of  Sampling and Convergence 

 

As was previously covered, in order to formulate a sound conclusion from the data obtained 

through simulation predictions, it is essential to determine the quality of  these predictions. In 

regards to sampling, convergence and fullfilment of  ergodic requirements (ergodic sample checking) 

are essential. Thus, before drawing conclusions from in depth analysis, one must first effectively and 

adequately evaluate the convergence of  the PMF profiles. In this spirit, we once again validate the 

sampling and convergence of  the simulations, in this case, of  benzene and amantadine. The time 

dependant progression of  the order parameter for ergodic sample checking of  these two systems 

can be seen in figure 3.10. As one can see from figure 3.10, the system moves freely along the order 

parameter, leaving and returning to configurational states within a finite, tractable timeframe. 
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      (b) 

 
Figure 3.10: Time-dependant trajectory of  system's progression order parameter, lambda for 
(a) benzene and (b) amantadine. Again notice the fullfilment of  ergodic sample checking as 
the systems freely leave and return to the same configuration many times. 
 

To address the previously mentioned source of  error that can arise from the use of  thermodynamic 

integration, as well as prove there is no oscillatory behaviour in the convergence, the RMSD 

convergence analysis from equation 3.2 is applied to both benzene and amantadine to properly 

perform this error analysis. The results of  this convergence can be seen below in figure 3.11. 
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   (a)          (b) 

 
Figure 3.11: Time dependent convergence analysis of  (a) benzene and (b) amantadine. 
Coloring denotes the calculated RMSD as described in this section, in kcal/mol. 
 

As the figure shows, both simulations converge quickly, and without oscillation after only 20 

nanoseconds for both the hydrophobic benzene molecule and the bulk amphipathic amantadine 

molecule. This ensures validation of  the quality of  the final result and also shows that the 

convergence will not oscillate after some time as is seen in other nonconvergant free energy 

calculation methods. 

 

A better visualization of  the convergence of  the results can be described by the maximum deviation  

parameter described in section 3.2.3.1. This maximum deviation analysis gives a conclusive, time 

dependent measure of   the maximum possible deviation of  the result at that given time. This 

analysis for the benzene and amantadine molecules can be seen in figure 3.12. As the figures show, 

both systems converge relatively quickly,  within 120 nanoseconds for the benzene molecule and 130 

nanoseconds for the bulky amantadine molecule, the maximum deviation has already 
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       (b) 
 
 
Figure 3.12 - The time-dependant maximum deviation of  (a) amantadine and (b) benzene. 
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dropped to within 1.0 kcal/mol and continues to decline upon further sampling and refinement of  

the system. 

 

3.3.3 Localization of  Hydrophobic and Bulky Molecules 

 

Now that adequate analysis of  the sampling and convergence has been realized, we can analyze the 

final PMF profile provided at the end of  the simulation time.  Figure 3.13 below provides the PMF 

profiles for both the bulky amphipathic amantadine molecule and the hydrophobic benzene 

molecule that have been described in this chapter. From these figures we can now begin to 

understand and characterize the localization behaviours of  these molecules. 

 

From figure 3.13 (b) we can see that the free energy minima of  the hydrophobic molecule lies at the 

membrane's center with a depth of  -3.5 kcal/mol. There is a small (~0.3kcal/mol) barrier at the 

water-headgroup interface, very likely due to the deformation of  the lipid headgroup structural 

arrangement induced by the insertion of  the hydrophobic molecule to the charged interface. Once 

the molecule has entered, the free energy decreases sharply as the molecule gets further away from 

the charged interfacial region. The minor fluctuations seen at the membrane's core can be attributed 

to the benzene molecule's effect on the non-polar packing of  the POPC lipid's hydrophobic acyl 

chains.  In figure 3.13 (a) the free energy difference between the bulk solvent and the hydrophobic 

core of  the membrane is ~1.9 kcal/mol with the global free energy minimum residing at the 

interfacial region with a free energy depth of   -2.6 kcal/mol. Similar to the benzene case, there is a 

maxima at the water-headgroup interfacial region of  ~1.3 kcal/mol. 
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                             (a) 
 
 

 

 
         (b) 
 
 
 
Figure 3.13: Potential of  Mean Force profiles for (a) amantadine and (b) benzene. Shown as 
a function of  the distance from the lipid bilayer's center. 
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Although amantadine is amphipathic, this maxima is much larger than the benzene because the 

large, bulky, hydrophobic moiety of  the molecule, must induce a large deformation in the headgroup 

structure of  the lipid bilayer in order to enter the interior environment. 

 

3.3.4 Deformation of  Lipid Structure 

 

The deformative effects due to permeation of  these molecules can be seen in figure 3.14 which 

provides a lipid deformation analysis at various ligand insertion depths and will be followed by 

trajectory snapshots of  the permeation process for these two molecules at various insertion depths. 

 
For both cases at -30.0 angstroms, where the respective molecules reside exclusively in the bulk, the 

acyl-chain densities are relatively similar in both leaflets and the membrane thickness (based on acyl-

chain density, thus neglecting headgroups) is near the preferred 40 angstroms. 

 

In the case of  benzene in figure 3.14 (a), as the ligand associates with the lipid headgroups at -20.0 

angstroms, the headgroups are forced to begin reorganization, causing some minor deformation in 

the closest associated leaflet. As some of   the headgroups are pushed toward the membrane interior, 

this also begins shifting the acyl-chain densities causing a slight increase in density at the opposing 

leaflet and slightly depleting the density at the center of  the bilayer.  Once the molecule has 

traversed to the acyl-chain interfacial region, (around -12.0 angstroms) beyond the charged 

headgroups, the spatial occupation of  the molecule in this region creates a lower acyl-chain carbon 

density of  the lipid membrane at this point, while pushing deeper has simultaneously increased the 

density closer toward the membrane interior as the membrane tries to reorganize itself.  
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      (b) 

Figure 3.14: Density distribution of  lipid acyl chain carbons across the entire lipid bilayer 
based on the insertion depth of  the given small molecule. Figure 3.14 (a) is the benzene 
molecule and figure 3.14 (b) represents the bulky amantadine molecule. Line coloring for 
these plots correspond to various molecular insertion depths which are described in the 
figure keys. 
 
This figure also shows that as the very hydrophobic benzene molecule attempts to enter, the acyl-

chain density at the center becomes lower, as some of  the lipid tails attempt to move closer to the 
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benzene molecule to stabilize the unfavored interactions with the charged lipid headgroups. At 7 

angstroms away from the hydrophobic interior, benzene continues to pull some of  the acyl carbons 

from its nearest leaflet with it along the journey to the center of  the membrane, however it is now 

close enough to the opposing leaflet to now aslo draw in hydrocarbons from the other side. This 

effect leads to a further shift in density on the current leaflet as well as creates a deficiency in acyl 

chain density on the other side of  the membrane's interior. Furthermore, by attracting the 

hydrocarbons from the opposing leaflet, the density at the membrane's center has now increased.  

Once the benzene molecule has reached the center of  the lipid bilayer (0 angstroms along z-axis), its 

interaction with the charged headgroups subsides. This enables the lipid bilayer to optimize its 

hydrophobic packing around the molecule as well as the packing between its own lipid tails, resulting 

in a rebound of  the lipid density profile to near-bulk like symmetry and density, as the benzene 

molecule is now happily situated in its energetically favored region of  the system. 

 

In the case of  the amantadine permeation, as the headgroup interfacial binding takes place around -

20 angstroms, the acyl-chain density begins to decrease, near the insertion point, and increase slightly 

at the bilayer's center. Upon reaching the headgroup and acyl-chain interfacial region, near -12 

angstroms, there is an large decrease in the local acyl-chain density as the bulky, hydrophobic group 

of  amantadine forces a drastic reorganization of  the headgroup region during its desolvation 

process. As the molecule approaches the interior of  the membrane the orientation of  the polar 

moiety toward the entrance leaflet maintains the low acyl-chain density while the nonpolar moiety 

affects interior packing of  the lipid tails, as they bend toward and surround it, creating a slight 

increase in acyl-chain heavy atom density near the membrane's center. Once the molecule reaches 

the center of  the lipid bilayer, we can see that the density profile of  the membrane rebounds to near 
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its bulk resting state properties with a large defecit of  acyl chains in the center due to its own bulky 

spatial occupation and presence of  a small polar moiety. 

 

3.3.5 Depth-Dependent Orientation of  Hydrophobic and Bulky  Molecules 

 

Much like the method described in the previous section of  this chapter, the orientation of  the 

amantadine molecule was determined via the relative angle between the membrane normal and a 

vector drawn along the permeating molecule. Because benzene has no polar moiety, and is 

symmetric, it has no discernable orientational preference throughout the membranous envrionment. 

 

 

 

 

 

 
 
 
 
 
Figure 3.15: Orientational vector of  amantadine molecule for depth-dependant analysis with 
reference to the membrane normal. 
 
Amantadine however, does have a polar moiety and therefore orientational preference. The 

amantadine vector is drawn as illustrated in figure 3.15. 

 

 
From figure 3.16, it is apparent that when the molecule is in the bulk solution, it is randomly 

oriented, and the fluctuation range of  its tilt angle is broad and near-isotropic. However, as it 

approaches the water-headgroup interface, the molecule is held at an increasingly restricted 

orientation, nearly perpendicular to the lipid head groups, with its polar moiety closest to the 
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membrane's surface to stabilize charge interactions. This observation implies that the polar moiety 

and its interactions between the charged head group region of  the membrane determines the overall 

orientational behaviour of  the molecule.   

 

As the amantadine molecule continues to traverse the membrane, its polar moiety stays pointed 

downward, with the polar moiety toward the membrane center until it passes by the interfacial 

region. At this point it is very clear from the figure there is a sharp transition in molecular 

orientation as the molecule becomes increasingly exposed to the low dielectric, hydrophobic interior. 

At this point, the molecule must “flip” similar to the diagram shown in the schematic of  figure 1.3. 

  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.16: Depth-dependent orientational behaviour of  amantadine molecule as it 
traverses the membrane environment. 
 

Once flipped, this molecule remains in an orientational regime which keeps its polar moiety pointed 

as close to the charged lipid headgroup region as possible while in the interior of  the lipid 

membrane. This “flipping” is a multi-faceted process involving lipid acyl-chain rearrangement, lipid 

headgroup relaxation (which was previously very deformed), and molecular orientational 

rearrangement. Without treatment and coupling of  both the strongly and weakly-coupled hidden 
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barriers the realization of  this process would be impossible through typical low-order generalized 

ensemble all atom simulations. 

 

3.3.6 Concluding Remarks 

 

In this study, a systematic examination of  localization and orientational behaviours as well as the 

structural determinants of  these features, was performed for the passive transmembrane permeation 

process of  various small molecules mentioned in this section. The results of  this study are 

summarized as follows: 

 

(I)      First and foremost, this study has shown that the high-order orthogonal space tempering 

scheme is a fast, robust and convergent method. The power of  this scheme arises from 

the ability to couple the progress of  the order parameter with the system's strongly and 

weakly-coupled environmental responses to changes in the order parameter. This  

coupling leads to very fast convergence of  the free energy profiles by enabling the 

activation of  such strongly-coupled events such as electrostatic interactions between the 

polar moiety and the lipid headgroups, and orientational rearrangement of  the proposed 

small molecules, as well as the activation of  weakly-coupled events such as hydrophobic 

packing between the nonpolar moiety and the long hydrocarbon chains of  the lipid tails 

at the hydrophobic interior of  the membrane and long range environmental relaxations. 

 

(II)  The charge state of  arginine in the non-aqueous lipid environment is always plus one. 

While previous studies have suggested that arginine becomes deprotonated in the low-

dielectric, hydrophobic core of  the membrane, this study has shown that through the 
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application of  the  orthogonal space tempering technique, with adequate sampling, that 

this is simply not the case. When the pKa shift of  arginine was calculated from the 

simulation results, it was not nearly large enough  to show a deprotonation of  the 

charged species. Furthermore, this study has elucidated the mechanistic details as to how 

this charged species is able to traverse the lipid bilayer. Through the introduction of  a 

water pore (membranous defect), the strongly charged polar moiety of  the arginine is 

able to become stabilized in the interior of  the membrane by water molecules pulled in 

from the bulk solution. This water pore's formation itself  is stabilized by major lipid  

headgroup deformation, with the charged headgroups lining the pore to stabilize the 

charge interactions of  the water molecules. 

 

(III) The existence of  both nonpolar and polar moieties in amphipathic molecules determines 

both the localization as well as the specific, restricted, orientational arrangement of  these 

molecules within the lipid bilayer's unique nonaqueous environment. More specifically, 

the polar moiety's interaction with the charged lipid headgroups at the interfacial 

regions of  the membrane determines the depth of  localization in the membrane interior, 

as well as the specific orientational arrangement of  these molecules. Some molecules, like 

amantadine, use their bulky nature to deform the lipid headgroup structure, thereby 

stabilizing their localization at the headgroup-acyl chain interfacial region. In other cases, 

molecules, such as the aforementioned arginine side chain analogues have such strong 

interactions with the charged headgroups that they maintain their orientational 

restrictions entirely to the membrane's interior. Because  this specific orientation is a 

strongly-coupled process, and the re-orientation or “flipping” of  these molecules at the 

interfacial region, is reliant on weakly-coupled hydrophobic packing interactions at the 
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membrane interior, it is essential that there be valid, adequate sampling in a practically 

efficient time frame in order to obtain accurate free energy profiles. 
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CHAPTER 4 

 

DYNAMICAL STUDY OF THE STRUCTURAL INTERCONVERSION OF 
AVIAN PANCREATIC POLYPEPTIDE, 
A NEUROPEPTIDE Y HOMOLOGUE 

 

 

 
4.1 Introduction 

 

 
The neuropeptide Y (NPY) ligand consists of  36 amino acids with a molecular weight of  

approximately 4.2 kDa (108),  and is the most abundant neuropeptide in all of  the mammalian 

central nervous systems (98), and is also expressed in the peripheral nervous system. This small 

peptide is interesting and significant due to its extremely wide range of  important physiological 

activities that it can regulate. Neuropeptide Y regulates such things as control of  food intake, anxiety 

inhibition, memory retention, neurotransmitter release, vasoconstriction and regulation of  ethanol 

consumption (70-91) and has also been implicated in playing a role in epilepsy (91-97,99). This wide 

range of  multi-functionality can be attributed to its propensity to bind a minimum of  six receptor 

subtypes, Y1 to Y6, which belong to the rhodopsin-like family of  G-protein coupled receptors 

(GPCRs) (101-107). 

 

Neuropeptide Y is a member of  a class of  proteins known as the pancreatic polypeptide family 

which all have high sequence and structural similarity. The first structure of  this family of  proteins 

was avian pancreatic polypeptide (aPP), solved by Blundell et al in 1981 (100). This was the first 

evidence that this class of  proteins prefers to intramolecularly bind to itself, in a conformation 

known as the “PP-fold”, where the proline rich tail (residues 1-14), and loop region (residues 15-18) 

bind to the amphipathic alpha helical stalk (residues 19-32) through hydrophobic interactions to 

generate this hairpin-like PP-fold structure. 
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Neuropeptide Y and its homologues (such as aPP) exist in a dimeric form with two zinc 

coordinating ions at high (micromolar) concentrations, but have also been found in their monomeric 

forms without any counter ion when in their in-vivo, bioactive concentrations at the nanomolar 

range. This monomeric state can exhibit both “open”  states and “closed” states, where the tail of  

the peptide is either found very close to the helical stalk structure (pp-fold), or more disordered and 

very far away from this helical stalk.  Nuclear magnetic resonance (NMR) studies have suggested 

that in low concentrations, the monomeric form of  the neuropeptide Y and its homologues favor a 

less ordered structure where the -turn of  the peptide is destabilized(109-111), while other NMR 

studies (112-116), computational studies (114,117,118),  and some x-ray crystallographic studies 

(100), suggest the monomeric structure prefers the “closed” folded state. An illustration of  the pp-

fold conformation in avian pancreatic polypeptide can be seen in figure 4.1. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1: Front view (left) and side view (right) of  the “closed” pp-fold conformation of  
the avian pancreatic polypeptide (aPP) 
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This study's aims are two-fold; first, to understand the energetic and dynamical mechanism of  

neuropeptide Y during its structural interconversion between the closed (pp-fold) and unfolded 

(open) states through study of  its conserved homologue, avian pancreatic polypeptide. This 

information is especially useful for the design of  ligands which can bind the peptide's receptors, or 

the design of  ligands which can alter the peptide's preferential conformation in-vivo to enable 

regulation of  various physiological processes. Secondly, due to many experimental technical 

limitations and non- physiologically relevant sample preparations, this study also aims to explore and 

potentially predict additional stable conformations of  the avian pancreatic polypeptide when 

exposed to a truly physiological environment as a monomer. 

 

4.2 Simulation Setup and Details 

 

 
The orthogonal space tempering scheme was implemented in CHARMM utilizing the CHARMM-

C36 molecular force field for this study. The water molecules in the study were treated with the 

general TIP3P parameters. Parameterization of  the neuropeptide Y analogue protein, aPP, for 

energy calculations was performed by the CHARMM general force field. This parameterized protein  

was then solvated by a total of  4756 water molecules in an orthorhombic waterbox with edge length 

of  24.98 angstroms. In order for the bulk solution to have the proper molarity, 15 potassium and 13 

chloride ions were also included in the solution. Once built, the system repeated each orthorhombic 

unit cell into the image. Upon construction on this system, the solvated protein system was then 

equilibrated for 10 picoseconds of  simulation time. This setup is consistent with the procedure 

provided by CHARMM-gui. 
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This simulation was performed in the NPT ensemble with the pressure held consistently at 1 

atmosphere and the system's temperature was set to 300.00 Kelvin. To maintain constant pressure 

and temperature, we employed the Langevin piston and Nose-Hoover thermostat algorithms 

respectively. The treatment of  long-range electrostatic interactions was handled by the particle mesh 

Ewald (PME) method and the short-range electrostatic interactions were switched off  at 10.0 

angstroms. All bonds containing hydrogen atoms were constrained using the SHAKE algorithm and 

the system was propagated with a finite timestep of  1 femtosecond. Trajectory information was 

saved every 1 picosecond for later use in data analysis. The  and  parameters which control the 

orthogonal space sampling temperature were each set to 0.999. The adaptive biasing potentials, 

fm( ),gm( ,φx), and hm( ,φx,kx) , as well as the NUTS function, τ( ) were all updated every 1 

picosecond. The restraint constants, k  , kφ , and kk were 38,000 kcal/mol/Å2 , 2.4x10-4 kcal-1 mol-1, 

and 31,000 kcal/mol respectively. The residues selected for the measure of  distance for the folding 

and unfolding process were GLY 1 and VAL 31 of  the avian pancreatic polypeptide's sequence. 

 

4.2.1 Adaptation of  OST Sampling to the Intramolecular Recognition and Folding Process          
        of  Avian Pancreatic Polypeptide 
 
  
As mentioned in previous chapters, the OST scheme is a general framework for which many 

purposes can be realized.  From the prediction of  large scale conformational motions, to alchemical 

free energy changes to even transmembrane permeation processes. In this specific case it is 

important to formulate a relevant order parameter, that is relevant to the local intramolecular folding 

and unfolding process of  neuropeptide Y through study of  its homologue, aPP. One commonly 

employed order parameter is the cartesian distance between the center of  mass of  a specific set of  

residues. In this case, U  from equation 2.5 remains unchanged, however the general definition of  x 

from equation 2.6 which this formula utilizes, is specifically arranged to the forms; 
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    � = � ⃗ −� �� �−� � ,                      (4.1) 

 

    � �⃗ = √ − + − + − ,                   (4.2) 

 

where x,y, and z denote the typical cartesian coordinates of  the selected residues mass centers, while 

i and j denote which residue's center of  mass is being operated on.   

 

This implementation allows the order parameter progression variable, , to correlate to the relative 

position of  the two chosen residues during the folding and unfolding process. In this specific 

context, ξmax and ξmin are 8 angstroms and 42 angstroms respectively. All other relevant degrees of  

freedom were handled by the treatments on the orthogonal space that have been previously 

described. 

 

4.3 Validation of  Sampling and Convergence 

 

 
In order to formulate a solid conclusion from the data obtained through simulation predictions, it is 

essential to determine the quality of  these predictions. In regards to sampling, convergence and 

fulfillment of  ergodic requirements (ergodic sample checking) are essential. Thus, before drawing 

conclusions from in depth analysis, one must first effectively and adequately evaluate the 

convergence of  the PMF profiles. In this spirit, we once again validate the sampling and 

convergence of  the simulations, in this case, the intramolecular binding of  the avian pancreatic 

polypeptide to its own tail. The time dependent progression of  the order parameter for ergodic 

sample checking of  this system can be seen in figure 4.2. To address the previously mentioned 

source of  error that can arise from the use of  thermodynamic integration, as well as prove there is 
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no oscillatory behaviour in the convergence, the RMSD convergence analysis from equation 3.2 is 

applied to the avian pancreatic peptide system that has been described in order to properly perform 

this error analysis.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.2: Time dependent trajectory for the distance between GLY1 and VAL 31 of  the 
neuropeptide Y homologue, avian pancreatic polypeptide.    
   
The results of  this convergence can be seen in the subsequent figure, figure  4.3. As figure 4.3 

shows, the  simulation converges quickly, and without oscillation after only 40 nanoseconds for the 

simulation of  the avian pancreatic polypeptide's folding mechanism.  This ensures validation of  the 

quality of  the final result and also shows that the convergence will not oscillate after some time as is 

seen in other nonconvergant free energy calculation methods. 

 

A better visualization of  the convergence of  the results can be described by the maximum deviation  

parameter described in section 3.2.3.1. This maximum deviation analysis gives a conclusive, time 

dependent measure of  the maximum possible deviation of  the result at that given time.  This 

analysis for the avian pancreatic polypeptide can be seen in figure 4.4. 
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Figure 4.3: Time dependent convergence analysis of  the potential of  mean force profile for 
neuropeptide Y homologue, avian pancreatic polypeptide. Coloring denotes the calculated 
RMSD as described section 3.2, in kcal/mol. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.4: The time-dependent maximum deviation of  the avian pancreatic polypeptide's 
potential of  mean force profile. 
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4.4 Local Conformational Dynamics 

 

Once adequate analysis of  the sampling and convergence has been realized, we can finally take a 

look at the final PMF profile provided at the end of  the simulation time.  Figure 4.5 below provides 

the PMF profile for the distance-dependent free energy between GLY1 and VAL31 for the avian 

pancreatic polypeptide system described in this section. 

 
This PMF profile is quite interesting, notice that the global free energy minimum does indeed reside 

at the GLY1-VAL31 distance which correlates to the pp-folded structure of  the polypeptide with a 

modest depth of  -0.5 kcal/mol. However, the free energy then plateaus slightly below 0 kcal/mol 

from 10 angstroms to nearly 20 angstroms in distance between the GLY1 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4.5:Potential of  Mean Force profile for avian pancreatic polypeptide's intramolecular 
binding process. Shown as a function of  the distance between GLY1 and VAL31 of  the 
polypeptide's sequence. 
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and VAL31 residues, indicating a slightly less favored conformation, but over an extremely large 

range of  distances. Then, from 20 to 30 angstroms there is a slight increase up to a total of  ~1.5 

kcal/mol before the free energy begins to climb sharply out to the total 42 angstrom distance. 

 

To better elucidate the monomer's preferred conformation (folded or unfolded) as well as 

understand the dynamical properties of  this intramolecular binding, let us convert the free energy 

from figure 4.5 into a probability distribution which will provide better insight to the overall 

likelihood of  the monomer's truly preferred conformational range. The probability at each point 

along the order parameter can be converted to a normalized probability distribution by taking 

advantage of  the relationship between probability and free energy. Because free energy is a function 

of  probability (equation 4.3), we can extract the probability of  each point along the order parameter 

by application of  the equation 4.4 as seen below: 

 

     � = − ln �      (4.3) 

 

     � = exp{−��}                 (4.4) 

 

This treatment results in the probability distribution that can be seen in figure 4.6. As we can see, the 

distance between GLY1 and VAL31 has a very broad probability distribution up until they are about 

25 angstroms apart.  Since the global free energy minimum from 8 angstroms to 11 angstroms 

represents the “PP-folded” state, we can integrate this region to determine the overall probability 

that the monomeric form resides in its closed configuration. 
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Figure 4.6: Normalized probability distribution of  the distance between GLY1 and VAL31 in 
the avian pancreatic polypeptide simulation. 
 

Furthermore, we can also integrate the region of  the graph beyond this point to determine the 

probability that the neuropeptide monomer exists in one of  its many open, or unfolded states.  

Figure 4.7 illustrates the division between the folded and unfolded states.  Upon integration of  the 

two regions it becomes clear that the neuropeptide Y homologue favors its many unfolded, 

disordered states over that of  the closed or “PP-folded” configuration. The probability of  finding 

the monomer in its folded conformation is ρ(fold)=0.285 while the probability of  the monomer to 

adopt one of  its many available “unfolded” conformations remains fairly high at ρ(unfold)=0.715. 

 

This is not surprising due to the fact that neuropeptide Y and its homologues exhibit a large variety 

of  biological  functions and associate with many different receptors, as it is very likely to require 

different conformations depending on the desired functional role the peptide may need to play. 
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Some experimental works have shown results that suggest binding of  this family of  monomers to 

their corresponding receptor(s) is dependent on both the C-terminal and N-terminal ends of  the 

peptide properly associating with the receptor in question (103). 

 

 

 

 

 

 

 

   

       (a) 

 

 

 

 

 

 

 

                (b) 

 
Figure 4.7: (a) PMF profile of  avian pancreatic polypeptide's intramolecular binding 
process as a function of  the distance between GLY1 and VAL31 of  the amino acid sequence 
(red) and divisionary line between the folded and unfolded states (green). 
(b) Probability distribution of  GLY1 and VAL31 distances (red) with divisionary line 
between folded and unfolded states (green) 
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Now that we have established that the monomeric form of  the avian pancreatic peptide has a very 

broad probability distribution, and spends much of  its time outside of  the previously defined pp-

fold state, it is beneficial to understand the dynamics of  the proline-rich tail region and how this may 

play a role in the biological function of  the pp family of  proteins. 

 

 4.4.1 Orientational Study of  the Proline-Rich Tail 

 

In order to gain some insight into the mechanistic details of  this intramolecular binding of  the aPP 

tail, it is beneficial to understand its orientational distribution as a function of  the GLY1-VAL31 

distance. To do this a vector is drawn from the last turn of  the helix, to the first turn of  the helix as 

a reference for alignment with the z-axis (shown in pink), a second vector is drawn through the 

proline-rich tail (shown in black), and a third vector, shown in figure 4.8 (right) in orange, is used for 

additional alignment such that the angle can be calculated with reference to the front of  the helical 

stalk – proline tail interface, by the projection of  the vector which passes through the tail region of  

the structure. These vectors can be seen in figure 4.8. 

 

 

 
 
 
 
 
 
 
 
 
 
 
Figure 4.8: Vector assignments for calculation of  distance-dependent tail orientation of  the 
avian pancreatic polypeptide. 
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Analysis of  the trajectory using the previously described vector setup has enabled the production of  

a two-dimensional free energy surface of  the distance-dependent orientational behaviour of  the aPP 

tail as seen in figure 4.9. 

 

In the unfolded structure, when the distance is maximum between the GLY1 and VAL31 residues, 

the tail has almost no restriction in regards to angular distribution as it is fully solvated and free 

rotating. The figure clearly shows, it can sample all angular degrees between 0 and 360 with less than  

 
Figure 4.9: Distance-dependent orientational free energy of  the proline-rich tail of  the 
neuropeptide Y homologue, avian pancreatic polypeptide. Shown as a function of  the 
distance between GLY1 and VAL31. 
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0.7 kcal/mol barrier between any two given states. As the tail begins to associate with the helical 

stalk, its orientation becomes very constricted around 125 degrees, with a very small fluctuation 

range of  only about 20 degrees within 1 kcal/mol. The reason this region becomes so restricted at 

this distance is because it is the first time that the proline residue closest to the hairpin-loop is able 

to associate with its partner tyrosine on the helical stalk. In order for there to be proper hydrophobic 

packing between these residues, and to enable accessible hydrophobic packing between the rest of  

the stalk and the tail, these two specific PRO and TYR residues need to have a very accurate 

alignment to one another. Once this first hydrophobic interaction has been realized, and the 

association of  the tail with the helical stalk has been initiated, the tail again begins to rotate 

somewhat freely, searching for ways to properly pack its remaining hydrophobic residues away from 

the high dielectric bulk solvent. After the second of  the three hydrophobic side chains packs to the 

helical structure, there is a sharp transition in the preferred alignment of  the tail relative to the 

helical stalk, which is now 50 degrees. This sharp transition clearly shows the presence of  a hidden 

barrier at this point, indicating that the orientational preference of  this tail region is crucial to the 

hydrophobic packing that will enable the polypeptide to adopt the PP-fold conformation. In the PP-

fold conformation, it is clear that the tail has a very restricted, specific orientational preference of  

about fifty degrees relative to the helical stalk, which is also evident from visual inspection of  figure 

4.1 which depicts the classical PP-fold structure. This conformation arises as it is the optimal 

orientation for the tail to attempt maximizing the hydrophobic packing between the tail's proline 

groups and the stalk's tyrosine groups.   

 
4.5 Global Conformational Dynamics 

 

 
After thorough sampling of  the local folding and unfolding process of  the avian pancreatic 

polypeptide's intramolecular binding, the polypeptide adopted a never-before-seen structure and 
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evolved a new local minimum away from the pp-fold conformation which can be seen in figure 4.10. 

As previously mentioned, there has been much debate as to whether the pp-fold conformation of  

this family of  peptides is indeed the favored, ordered, structure of  this intrinsically disordered 

peptide. It has been suggested by some, that the monomeric form of  the neuropeptide Y and its 

homologues favor a less ordered structure where the -turn of  the peptide is destabilized. However, 

due to many experimental technical limitations and non-physiologically relevant sample preparations, 

this hypothesis has been historically difficult to support. From the potential of  mean force profile 

for the global sampling of  the avian pancreatic polypeptide, it is clear that the pp-fold  conformation 

is not the global minimum for this system at physiological pH. 

 

Figure 4.10: Potential of  Mean Force profile for overall global sampling of  avian pancreatic 
polypeptide. Shown as a function of  the distance between GLY1 and VAL31 of  the 
polypeptide's sequence. 
 

Instead there exists a deeper global minimum around the distance of  19 angstroms between the 

GLY1 and VAL31 residues. To better understand this stable conformation, as well as why this 
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structure has been unidentified in many experimental studies, examination of  the structure is 

required. The visualization of  this conformation can be seen in figure 4.11. 

 
From visual inspection of  this figure it becomes clear that there are many physical reasons as to why 

this structural arrangement would be a global minimum. 

 

First, the polypeptide is driven to this conformational arrangement by the tight packing of  the 

hydrophobic residues at the core, thereby limiting their exposure to the bulk solvent, especially when 

the disordered tail region is not directly in contact with the helical stalk. Furthermore, this 

conformational arrangement enables the structure to maintain a high degree of  mobility in its tail 

region for receptor binding. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4.11: Cartoon representations of  the avian pancreatic polypeptide's globally favored 
conformation (left) without side chains shown and (right) with side chains shown. 
 

Additionally, this structure is further stabilized by the formation of  a very strong, persistent salt 

bridge between the amide hydrogens of  ARG33 and the two presenting oxygen groups of  ASP10 as 

well as another salt bridge between helix residues ASP16 and ARG19 which may play a role in 

maintaining helicity. Both salt bridges are depicted in figure 4.12. The persistence of  these salt 
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bridges over the timespan of  the newly formed conformation can be seen in figure 4.13. The 

presence of  these salt bridges is crucial to the peptide's adoption, maintainence, and energetic 

stability of  this conformation. As can be seen by the figure, both salt bridges persist throughout the 

time this conformation exists. Furthermore, the presence of  these salt bridges helps address a  

 

 

 
Figure 4.12: Illustration of  the strong, persistent salt bridge between the negatively charged 
ASP10 oxygen groups and the positively charged ARG33 sidechain (left). As well as the salt 
bridge between helix residues ASP16 and ARG19 (right). 
 

 
critical question about why this conformation is not seen experimentally. It is well documented that 

NPY and its homologue aPP are not soluble for experimental setups done at physiological pH. 

Therefore, various nonphysiological setups are employed to enable NMR or x-ray crystallographic 

study of  this peptide. The most commonly employed of  these methods is to use a very low pH 
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solution (on the range of  2.0 to 3.5 pH units) to solvate the peptide. This range of  pH is clearly 

below the pKa of  aspartic acid, which is approximately 3.85, thus indicating that the aspartic acid 

residues will most definitely become protonated in this low pH environment. The protonation of  

these residues will have detrimental effects to the overall structure, as it will clearly destabilize the 

charge-charge interactions of  the salt bridges which hold the peptide in this conformation at 

physiological pH levels. Even so, assuming that somehow the peptide could maintain this 

conformation in a low pH environment,  the NMR technique of  using sequential NOEs is too local 

to truly determine the overall structure of  the peptide. There have been some circular dichromism 

(CD) experiments performed on the aPP and NPY peptides at physiological pH, however the 

resultant data is largely qualitative and only sheds some light onto some secondary structural features 

at physiological pH and does little to determine the overall  structure of  the polypeptide. 

 

               (a)             (b)  

 
 
Figure 4.13: Time series depiction of  the salt bridge distances between the relevant, 
structurally stabilizing salt bridges of  the newly revealed conformation. (a) The ASP10 and 
ARG33 distances between selected oxygen and hydrogen atoms labeled in the figure's key. 
(b) The ASP16 and ARG19 distances between selected oxygen and hydrogen atoms labeled 
in the key. The blue line shown is the accepted distance cutoff  for salt bridge interactions, 
and is shown for reference. 
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4.6 Concluding Remarks 

 

In this study, we systematically examined both the local and global conformational transitions of  the 

neuropeptide Y analogue, avian pancreatic polypeptide at physiologically relevant pH. In addition, 

this study examined the characteristics of  the floppy tail motion and how it relates to the local 

formation of  the PP-fold conformation, as well as characterized a newly predicted structure based 

on the simulation result. The results of  these analyses can be concluded as follows: 

  

 (I) While the PP-fold conformation is indeed the local free energy minimum in the  

interconversion between “unfolded” and “pp-folded”  conformers, it is not the most 

probable state over the entire range of  distances from the helical stalk that the tail 

can exhibit at physiological pH. This is likely due to the flexibility required to bind so 

many different receptors and influence such a wide range of  physiological effects. 

 

 (II) The predictive power of  the orthogonal space tempering scheme is showcased upon 

the realization of  a never before seen  conformation of  the avian pancreatic 

polypeptide at  physiological pH. Although a very general and inadequate order 

parameter was employed, the hydrophobically packed, and salt-bridge stabilized 

global minimum conformer was still elucidated. Furthermore, it has provided insights 

as to why this  conformation is not seen experimentally, due to both the existence of  

salt bridges which are destabilized in low pH  environments, as well as the limitation 

experimental techniques that employ only a local characterization of  the system 

through sequential NOE measurements. 
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