
 

 

 

 

 

 

 

 

 

Copyright 

by 

Johnny Chung Wu 

2011 

 

 

  



The Dissertation Committee for Johnny Chung Wu Certifies that this is the 

approved version of the following dissertation: 

 

 

Development of Accurate and Efficient Models for Biological Molecules 

 

 

 

 

 

Committee: 

 

Pengyu Ren, Supervisor 

Kevin Dalby 

Ron Elber 

Robin Gutell 

Mia Markey 



Development of Accurate and Efficient Models for Biological Molecules 

 

 

by 

Johnny Chung Wu, B.A.; M.S.E. 

 

 

 

Dissertation 

Presented to the Faculty of the Graduate School of  

The University of Texas at Austin 

in Partial Fulfillment  

of the Requirements 

for the Degree of  

 

Doctor of Philosophy 

 

 

The University of Texas at Austin 

December 2011 



Dedication 

 

To my parents, Tony and Jenny, and my brother, Ben. 

And, of course, to Su. 

 



 v 

Acknowledgements 

 

I thank my advisor, Dr. Pengyu Ren, for his mentorship and for unselfishly 

sharing his knowledge and experiences with me. It has been an exciting journey to be a 

part of the growth of his research group. Despite the challenges you face, you do all that 

you can to absorb them so that your students can enjoy doing research without 

distractions and I appreciate that. I would like to thank my committee members. Dr. 

Kevin Dalby has been collaborating with our lab as the de facto medicinal chemist and 

his presence reminds me that models should be developed with a purpose and should be 

useful to somebody other than myself. Dr. Ron Elber is an accomplished scientist who I 

will continue to learn from after my graduate studies. It has been a pleasure to work with 

Dr. Robin Gutell during my initial years as a graduate student. I find inspiration from Dr. 

Mia Markey’s discipline and drive. 

I thank all of the members of the Ren lab for the help you have given me over the 

years. Dr. Michael Schnieders has always played a role in the lab, but officially joined 

recently and has made our work so exciting with the technology he develops, his 

infectious energy, and enthusiasm. Jiajing Zhang joined the lab the same semester as me 

and I have relied on her on many occasions for help. I am confident she will be 

spectacular at her dissertation defense. Yue Shi has been prolific in her contributions to 

the lab and I have benefitted greatly from them. I have worked closely with Zhen Xia and 

I thank him for the hard work he has put in to our project. I thank David Gardner from the 

Gutell lab for making our collaboration as smooth as possible. I thank the undergraduate 

researchers that I have worked with, Gaurav Chattree and Yujan Shrestha. I really have 



 vi 

been fortunate to have bright minds with fresh perspectives offer to work with me and 

make substantial contributions. 

I thank my parents, brother, and my family for their support and love. Their care 

and concern for me extends beyond the years of my graduate studies and I am endlessly 

grateful for them. Lastly, I thank Su for reminding me what matters most. My most 

challenging moments are tremendously more bearable and my joyful moments are even 

more gratifying because you are here. 



 vii 

Development of Accurate and Efficient Models for Biological Molecules 

 

Johnny Chung Wu, Ph.D. 

The University of Texas at Austin, 2011 

 

Supervisor: Pengyu Ren 

 

The abnormal expression or function of biological molecules, such as nucleic 

acids, proteins, or other small organic molecules, lead to the majority of diseases. 

Consequently, understanding the structure and function of these molecules through 

modeling can provide insight and perhaps suggest treatment for diseases. However, 

biologically relevant molecular phenomenon can vary vastly in the nature of their 

interactions and different classes of models are required to accommodate for this 

diversity. The objective of this thesis is to develop models for small molecules, amino 

acid peptides, and nucleic acids. A physical polarizable molecular mechanics model is 

described to accurately represent small molecules and single atom ions and applied to 

predict experimentally measurable thermodynamic properties such as hydration and 

binding free energies. A novel physical coarse-grain model based on Gay-Berne 

potentials and electrostatic multipoles has been developed for short peptides. The fraction 

of residues that adopt the alpha-helix conformation agrees with all-atom molecule 

dynamics results.. Finally, a statistically-derived model based on sequence comparative 

sequence alignments is developed and applied to improve folding accuracy of RNA 

molecules. 
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1 Introduction 

Models of biological molecules are powerful tools that elucidate biological 

mechanisms at microscopic levels. Such modeling, which can be physics-based or 

knowledge-based, is used for a variety of studies from small molecules to biological 

macromolecules such as protein and nucleic acids [1, 2]. The scale of these models 

ranges from the accurate representation of electron distribution around a molecule to the 

coarse residue-level representation of polymers such as amino acids and nucleic acids. In 

this work, we focus on the development of biologically-relevant models at three scales.  

The scale of highest granularity is the atomic scale in which a single atom is the 

smallest particle. Based on the AMOEBA polarizable force field, a model for the zinc 

divalent cation is developed based on comparison with quantum mechanics calculations. 

It is validated with experimental thermodynamic results such as hydration free energy. A 

protocol and automated tool to model small molecules with AMOEBA is also developed. 

Similarly, this protocol parameterizes small molecules based on quantum mechanics 

calculations and comparisons with experimental hydration and ligand-protein binding 

free energies are accurate to within 1 kcal/mol. 

At the united-atom scale, groups of atoms are agglomerated in to a single particle. 

This method adopts the Gay-Berne potential to represent repulsion-dispersion 

interactions and higher order moments for electrostatic interactions. The dialanine 

peptide model has been developed and parameters are obtained by matching with all-

atom physical interactions. Conformational energy of the coarse-grain peptide shows 

qualitative agreement with that of all-atom. Furthermore, the coarse-grain peptide has 

been polymerized and studied with replica exchange molecular dynamics. The per-
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residue conformational distribution of alpha-helices falls within the range of various all-

atom models.  

Finally, at the scale of nucleic acids up to the ribosomal RNA, the statistical 

model is based on secondary structures obtained from comparative sequence analysis. 

The statistical potentials, developed from the statistics of secondary structures such as 

consecutive base-pair stacks, hairpin flanks, and internal loops, are applied to an RNA 

folding algorithm. Incorporation of statistical potentials markedly improved folding 

accuracy of tRNA, 5S rRNA, and 16S rRNA macromolecules.  

1.1 ATOMIC REPRESENTATION OF SINGLE ATOM IONS AND SMALL MOLECULES 

Small molecules are often modeled with classical molecular mechanics (MM) 

models. Force fields are composed of the energy functions used to describe atomic 

interactions and their corresponding parameters. Energy functions have explicit terms for 

interactions such as electrostatics, van der Waals, and bond lengths. Parameters are 

typically obtained by comparing with quantum mechanics (QM) calculations or 

experimental results [3, 4]. Examples of atomic force fields are GAFF[4], GROMOS[5], 

CHARMM[6], and AMOEBA[7]. All-atom force fields are models of the highest 

granularity that are capable of calculating various condensed-phase properties, such as 

density and acid dissociation constants, which can also be measured experimentally. 

Although several varieties of atomic force fields have been developed, fixed-

charge force fields are currently most widely adopted. Electrostatic interactions in the 

fixed-charge force field occur between sites of partial charges. Electrostatic sites are 

associated with atom or bonds. Although electron densities are redistributed as the 

environment changes, charges remain static in these types of force fields. However, we 

have realized as early as 1967 through Buckingham that electrostatic intermolecular 
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forces can be accurately represented with higher order moments and induction [8]. 

Despite investigations of various polarizable force fields [9-15], few large-scale 

macromolecular simulations have taken advantage of these models. Furthermore, the 

need for a polarizable force field has been widely acknowledged [16, 17]. 

1.1.1 AMOEBA polarizable force field 

The AMOEBA (Atomic Multipole Optimized Energetics for Biomolecular 

Applications) force field is an effort to achieve chemical accuracy of conformational and 

interaction energies to quantum mechanical models[7]. Moreover, AMOEBA addresses 

differences in systems where assuming an averaged polarization is not adequate.  Its 

permanent point multipole up to quadrupole is capable of describing intricate electrostatic 

potential surfaces such as those created by electron lone pairs. Polarization is represented 

with polarizable point dipoles that can fully describe the directionality of electron 

redistribution without the need for fictitious particles. 

The representation of single atom ions poses an interesting problem for MM 

models. Single ionic atoms such as potassium, chlorine, calcium, magnesium, zinc, and 

iron are known to participate in various biological functions. Zinc, in particular, has been 

identified to be a critical component of specific enzymatic processes[18]. The Zn
2+

 

divalent cation may act directly as a structural element in proteins such as Zn-fingers[19] 

or as a cofactor to facilitate the activity of  metalloenzymes, such as carbonic 

anhydrase[20]. 

Quantum mechanics (QM) is usually the primary methodology for studying Zn
2+

-

metalloproteins[21-23] due to the ion’s soft character and subtle nature of its interactions 

in the biological environment[24]. As a result of the high computational demands of 

accurate ab initio methods, studies are limited to “static” structures of relatively small 
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biomimetic models. Hybrid methods that combine QM and molecular mechanics models 

(QM/MM) [25-28] offer the possibility to treat the whole protein on longer time scales. 

However, a robust molecular mechanics model continues to be in need to study the 

dynamical behavior of Zn
2+

 complexes. Traditional fixed-charge force fields are unable 

to capture the interactions between Zn
2+

 and its ligands. To maintain structural stability of 

Zn
2+

-protein complexes with these force fields, the introduction of artificial bonds[29] or 

extra charge sites[30] are required. 

Moreover, studies using quasi-chemical theory [31, 32] have demonstrated the 

importance of polarization to ion hydration. The AMOEBA (Atomic Multipole 

Optimized Energetics for Biomolecular Applications) force field provides a 

computationally efficient potential energy functions relative to QM calculations and is 

able to capture the polarization effects that fix charged force fields lack. Accordingly, 

AMEOBA has enjoyed a series of successes with modeling monovalent ions such as K
+
, 

Na
+
, and Cl

-
 [33], as well as divalent ions such as Ca

2+
 and Mg

2+ 
[34]. Additional studies 

of ion hydration with mixed quantum mechanics/molecular mechanics (QM/MM) 

calculations have concluded that AMOEBA is sufficient in generating ensemble 

configurations for post-analysis, but that fixed charge force fields have difficulties with 

mimicking local charge rearrangements [35]. Similar to the development of previously 

derived ions for AMOEBA, obtaining parameters for the zinc divalent cation involves 

fitting to Zn
2+

-water dimer gas-phase ab initio calculations. The Thole-based [36] dipole 

polarization is determined by comparison with theoretically calculated interactions, such 

as the Constrained Space Orbital Variations (CSOV) [37]. The dimerization energy of 

Zn
2+

-water with results from several theory levels and basis sets over a range of distances 

are able to provide the comparisons required to obtain parameters for van der Waals 

interactions. Subsequently, the Zn
2+

 model can be substantiated with molecular dynamics 
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simulations of Zn
2+

 solvation in bulk water. Calculations of the first-shell water 

coordination number, water residence time and free energy of hydration and establishing 

agreement with experimental and theoretical values can further support the model.  

Additionally, studies identify that fixed charge force fields have difficulties with 

calculating the solvation free energy of polar small molecules, particular those containing 

hydroxyl groups[38], which are common in carbohydrates. Patel et al.[39] studied 

polarization in further detail and proposed the TIP4P-QDP charge-dependent 

polarizability water model. This work revealed the effects of polarization variability on 

the enhanced structure at liquid-vapor interface. The importance of polarization in 

protein-ligand recognition [40-42] has been identified. Although other classical force 

fields have been extended to include polarization interactions, such as PIPF-

CHARMM[43] , most polarizable force fields lack higher order electronic moments. 

1.2 COARSE-GRAIN MODEL OF SHORT PEPTIDE 

The ambition to understand molecular systems of increasing length and time 

scales drives the pursuit and development of coarse grain computational models. It 

continues to be prohibitively expensive for all-atom molecular mechanics models to 

collect statistically converged measurements of molecular phenomena that involve large 

conformational rearrangements, such as protein folding, protein-protein interaction, and 

allosteric regulation [44]. Although there has been much development in the areas of 

enhanced sampling, the need to study the dynamics of large biomolecular systems over 

long time scales remains. Consequently, various coarse-graining strategies have been 

endeavored to model the systems of interest. Much effort has been made to develop 

coarse-grained models by matching the intermolecular interaction energy and force at the 

functional group or molecular level with all-atom simulations of specific systems. Klein 
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and co-workers reported coarse-grained models of membrane lipids and proposed various 

coarse-graining strategies based on previous studies of polymer melts [45, 46]. DeVane 

and coworkers have recently embarked on a method that employs the Lennard-Jones 9-6 

and 12-4 forms to model non-bonded interactions of coarse-grain sites and have thus far 

validated the model on various amino acid side-chain analogs [47]. Hills et al. has 

demonstrated that a physics-based, isotropic site, solvent-free method is able to maintain 

the native structures of Trpzip, Trp-cage, and the open/close conformations of adenylate 

kinase [48]. Moreover, the united-residue force field developed by Scheraga et al. has 

matured significantly and used to study the folding mechanism of specific domains of the 

staphylococcal protein A and the formin-binding protein [49-56]. 

In this work, a general and transferable coarse-grain (CG) framework based on 

the Gay-Berne potential and electrostatic point multipole expansion is presented for 

polypeptide simulations. The solvent effect is described by the Generalized Kirkwood 

theory. The CG model is calibrated using the results of all-atom simulations of model 

compounds in solution. Instead of matching the overall effective forces produced by 

atomic models, the fundamental intermolecular forces such as electrostatic, repulsion-

dispersion and solvation are represented explicitly at a CG level. We demonstrate that the 

CG alanine dipeptide model is able to reproduce quantitatively the conformational energy 

of all-atom force fields in both gas and solution phases, including the electrostatic and 

solvation components. Replica exchange molecular dynamics (REMD) and microsecond 

dynamic simulations of polyalanine of 5 and 12 residues reveal that the CG polyalanines 

fold into “alpha helix” and “beta sheet” structures. The 5-residue polyalanine display a 

substantial increase in the “beta strand” fraction relative to the 12-residue polyalanine. 

The detailed conformational distribution is compared with those reported from recent all-

atom simulations and experiments. The results suggest that the new coarse-graining 
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approach presented in this study has the potential to offer both accuracy and efficiency 

for biomolecular modeling. 

1.3 STATISTICALLY-DERIVED ENERGY FUNCTIONS FOR RNA FOLDING 

The accurate prediction of the secondary and tertiary structure of RNA with 

different folding algorithms is dependent on several factors, including the energy 

functions. However, an RNA higher-order structure cannot be accurately predicted from 

its sequence based on a limited set of energy parameters. The inter- and intra-molecular 

forces between this RNA and other small molecules and macromolecules, in addition to 

other factors in the cell such as pH, ionic strength, and temperature influence the complex 

dynamics associated with a single stranded RNA’s transitioning to its secondary and 

tertiary structure. Since all of the factors that affect the formation of an RNAs three-

dimensional structure cannot be determined experimentally, statistically-derived potential 

energy has been used in the prediction of protein structure. In the current work, we 

evaluate the statistical free energy of various secondary structure motifs, including base-

pair stacks, hairpin flanks, and internal loops, using their statistical frequencies obtained 

from the comparative analysis of more than 50,000 RNA sequences stored in the RNA 

Comparative Analysis Database (rCAD). Statistical energies were computed from the 

structural statistics for several datasets. While the statistical energies for base-pair stacks 

correlate with experimentally derived free energy values, suggesting a Boltzmann-like 

distribution, variation is observed between different molecules and their location on the 

phylogenetic tree of life. Our statistical energies for several structural elements were 

utilized in the Mfold RNA folding algorithm.  The combined statistical energies for base-

pair stacks, hairpins and internal loop flanks results in a significant improvement in the 
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accuracy of secondary structure prediction; however, the hairpin flanks contribute the 

most. 

The stabilization of G:C, A:U, and G:U base pairs by hydrogen bonding and base 

stacking has been identified since these canonical base-pairs were first observed to form 

regular helices when arranged in an anti-parallel manner. With experimental calorimetric 

measurements of simple base-paring oligonucleotides, the majority of the known free 

energy values were determined for consecutive base-pairs by Turner and his 

collaborators[57]. The relative contribution to the overall stability of base stacking and 

the hydrogen bonding, however, is not well understood [58, 59]. While the full extent of 

the types of RNA structural elements and helices have not been identified and 

characterized, the energetic contribution for only a small percentage of the characterized 

RNA structural elements have been determined. It is known that approximately 66% of 

the nucleotides in larger RNAs like the 16S and 23S rRNA form regular secondary 

structure helix[60]. The remaining third of the nucleotides are involved in more complex 

secondary and tertiary structures[61]. A partial list of these includes: U-turns[62], lone 

pair tri loops[63], a very high percentage of unpaired A's in the secondary structure[64] 

that are involved in several motifs, including - A minor motifs[65, 66], E and E-like 

motifs[64], UAA/GAN internal  loop motif[67], GNRA tetraloops[67, 68], and a high 

percentage of A:A and A:G juxtapositions at the ends of regular helices[69]. The majority 

of the base pairs in these structural motifs form unusual non-canonical base pair types 

and their base pair conformations [70-72]. 

With an incomplete knowledge of all possible RNA structural motifs and their 

energetic stabilities in different structural environments, an alternative approach to the 

simplified energy model dominated by base-pair stacks in regular secondary structure 

helices is needed. While experimental approaches have been essential to our 
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understanding of macromolecular structure and their energetic stabilities, it is not feasible 

to determine the energetic stabilities for all possible structural motifs. In contrast, an 

analysis of high resolution crystal structures in parallel with the statistical analysis of 

different sets of comparative macromolecular sequences that form identical or very 

similar secondary and tertiary structure has been utilized to determine knowledge-based 

potentials or scoring functions. This approach has been used frequently in protein 

structure prediction[73, 74] following the work by Scheraga[75]. An important 

assumption involved in the conversion of structural statistics into (pseudo) free energy is 

the Boltzmann-like distribution of the structure, which has been substantiated for 

proteins[76, 77]. 

Due to the emerging technologies that rapidly determine nucleic acid sequences 

for entire genomes, we are obtaining nucleotide sequences for an increasing number of 

RNA families with significant increases in the number of sequences per family. To 

facilitate the analysis of these increasing comparative RNA datasets and to enhance the 

analysis of these datasets, we have collaborated with Microsoft Research to develop an 

RNA Comparative Analysis Database (rCAD) that cross-indexes sequence, structure, and 

phylogenetic information (Ozer, Doshi, Cannone, Xu, and Gutell, manuscript in 

preparation). In this work, we have utilized rCAD to obtain structural statistics from the 

comparative analysis of these sequences, and derived statistical energies that can be used 

for RNA structure prediction. We demonstrate that structural motifs beyond base-pair 

stacking in helices are also important in determining the RNA structure. The statistical 

energies derived from sequence information have the potential to significantly improve 

the accuracy of RNA secondary structure prediction. The results of this work motivate 

further investigation of statistical potentials of a broader range of motifs, including a 
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diversity of scale. The statistical energy approach has been applied to physical models as 

well [78]. 
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2 Modeling Zn(II) in Water with the AMOEBA Polarizable Force 

Field 

2.1 INTRODUCTION 

Understanding the role of the zinc divalent cation in enzymatic processes[1, 2] 

and structural motifs such as zinc-fingers[3] motivates an accurate molecular mechanics 

model for the ion. Furthermore, AMOEBA has been shown to be particularly suited for 

the computation of dynamical properties of metal cations [4-10]. The AMOEBA 

parameterization process is based on gas phase ab initio calculations[11]. The 

Constrained Space Orbital Variations (CSOV)[12] energy decomposition analysis 

technique is applied to determine the contribution polarization to the overall interaction 

energy. The importance of charge transfer contribution will be elucidated with energy 

decomposition analysis and the nature of the interaction of Zn
2+

 with water will be 

investigated using the Electron Localization Function (ELF) topological analysis [13, 14]. 

Furthermore, Zn
2+

 solvation properties such as the ion-water radial distribution function, 

water residence times, coordination number, and the solvation free energy we will be 

calculated from AMOEBA condensed-phase simulations. These properties are compared 

with experimental results for Zn
2+

 and other divalent cations studied using AMOEBA and 

the results of this work is based on our previous reports[15]. 

2.2 METHODS 

2.2.1 AMOEBA polarizable force field energy terms 

The AMOEBA (Atomic Multipole Optimized Energetics for Biomolecular 

Applications) polarizable force field is a molecular mechanics model that represents 

electrostatic interactions with charge, dipole, and quadrupoles and had been described 

previously[16-18]. Bonded interactions are bond-stretching, angle-bending, bond-angle 
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stretch-bending, out-of-plane bending, and rotation about torsion. Non-bonded 

interactions are van der Waals, permanent and induced electrostatics. 

perm ind

bond angle b oop torsion vdW ele eleU U U U U U U U U       
 

Bond stretch energies utilize the fourth-order Taylor expansion of the Morse 

potential. Bond angle bend and torsion energies utilize a sixth-order potential and a six-
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as those used by the MM3[19]classical molecular mechanics potential. An out-of-plane 
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Permanent electrostatic interactions are computed with higher order moments 

where 

 M
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Multipoles are defined at atomic centers in relation to a local frame defined by 

other atoms that are bonded to it. A triplet of atoms is used to specify a local frame 

following the z-then-x convention. Figure 2.1a illustrates an example of an asymmetric 

local frame for atom A defined by atoms A, B, and C. The vector created by AB is the 

direction of the positive z-axis. The positive x-axis lies on the plane created by ABC and 

creates an acute angle with AC. The positive y-axis is defined to create a cubic right-

handed coordinate system. Figure 2.1b illustrates an example of a local frame in which B 

and C are symmetric with respect to A, such as a water molecule. The z-axis is defined as 

the bisector of BAC . The x-axis is defined as the vector along the aforementioned 

plane that creates an acute angle with AB and is orthogonal to the z-axis. As with the 

former case the y-axis is defined to create a right-handed coordinate system. 
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Electronic polarization describes the redistribution of electron density due to an 

external field. Polarizable point dipoles are utilized by AMOEBA at atomic centers to 

describe this effect. The induced dipole,     
ind, at site i is 

    
ind    (∑   

  
  

{ }
 ∑    

   

     
ind

{  }
)   for     1,2,3 

where                              are the permanent charge, dipole, and quadrupole 

moments, and   
  

                    is the interaction matrix between atoms i and j. 

The Einstein convention is used to sum over indices   and  . The atomic polarizability, 

  , is parameterized for the zinc cation in this work. Note that the first term within the 

parenthesis corresponds to the polarization field due to permanent multipoles, while the 

second term corresponds to the polarization field due to induced dipoles produced at the 

other atoms. 

An iterative induction approach originally developed by Thole [22] is adopted in 

which an induced dipole at site i continues to polarize all other sites until convergence is 

achieved at all induced dipole sites. This method imposes a damped polarization 

interaction at very short range in order to avoid a well-known artifact of point 

polarizability models by smearing one of the atomic multipole moments in each pair of 

interaction sites[23]. The damping functions for charge, dipole and quadrupole 

interactions have been derived previously [17]. The smearing function of a charge has the 

form 

)exp(
4

3 3au
a




   

and u = r
ij 
/(ij)

1/6
 where rij is the linear separation between sites i, j and i, j are their 

corresponding atomic polarizabilities. The factor “a” is a dimensionless width parameter 

that determines the damping strength. 
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2.2.2 Gas phase ab initio calculations 

The intermolecular interaction energies of Zn
2+

-H2O at various separation 

distances were calculated using GAUSSIAN 03[24] at the MP2(full) level. Basis Set 

Superposition Error (BSSE) correction was included in the interaction energy. The 

geometry of the water was fixed to the AMOEBA minimized structure [17, 25]. The aug-

cc-pVTZ basis set[26] was employed for water and the 6-31G(2d,2p) basis set for the 

Zn
2+

 cation. Constrained Space Orbital Variations (CSOV) polarization energy 

calculations were performed using a modified version[27] of HONDO95.3[27] with the 

B3LYP methods[28, 29] using the above basis sets. The Zn
2+

 atomic polarizability was 

computed using GAUSSIAN 03 at the MP2(full)/6-31G** level. 

Additional energy decomposition analysis was performed on zinc hydrated cluster 

with the Reduced Variational Space (RVS) scheme as implemented in the GAMESS [30, 

31] software. The RVS energy decomposition computations were performed at the 

Hartree-Fock (HF) level using the CEP 4-31G(2d) basis set[32] augmented with two 

diffuse 3d polarization functions on heavy atoms (double zeta quality pseudopotential) 

and at the aug-cc-pVTZ basis set level (6-31G** for Zn(II)). 

2.2.3 Electron Localization Function analysis (ELF) 

In the framework of the ELF topological analysis [13, 14, 33], the molecular 

space is divided into a set of molecular volumes (basins) localized around maxima 

(attractors) of the vector field of the scalar ELF function. The ELF function can be 

interpreted as a signature of the electronic-pair distribution and ELF is defined to have 

values restricted between 0 and 1 to facilitate its computation on a 3D grid and its 

interpretation. The core regions can be determined (if Z > 2) for any atom A. Regions 

associated with lone pairs are referred to as V(A) and regions of chemical bonds are 

denoted V(A,B). The approach offers an evaluation of the basin electronic population as 
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well as an evaluation of local electrostatic moments. It is also important to point out that 

metal cations exhibit a specific topological signature in the electron localization of their 

density interacting with ligands according to their “soft” or “hard” character. A metal 

cation can split its outer-shell density (the so-called subvalent domains or basins) 

according to its capability to form a partly covalent bond involving charge transfer [34]. 

More details about the ELF function and its application to biology can be found in a 

recent review[35]. All computations have been performed using a modified version [36] 

of the Top-Mod package[37].  

2.2.4 Parameterization of the AMOEBA Zn
2+

 model 

The Zn
2+

 cation is parameterized, with a procedure similar to that previously used 

for Ca
2+

 and Mg
2+

 [6], by first matching the distance-dependence of AMOEBA 

polarization energies of the ion-water dimer in gas-phase obtained with ab initio 

Constrained Space Orbital Variations (CSOV) polarization energy results. With water 

geometry fixed, the Zn
2+

-O distance were varied between 1.5 and 5 Å. The damping 

factor “a” was adjusted so that the AMOEBA polarization energy matched the CSOV 

values as much as possible. The remaining contribution (namely charge transfer) will be 

included in the van der Waals term as a result of matching the total binding energy of 

AMOEBA to that of QM. Parameters for the van der Waals interaction,    (radius) and є 

(well-depth), were derived by comparing the total ion-water binding energy computed by 

AMOEBA to the ab initio values at various distances. In the absence of an explicit charge 

transfer term, such strategy is justified as the charge transfer contribution is notably 

smaller in magnitude compared to polarization[10, 11, 38, 39] and a good percentage of it 

(dominated by the 2-body interactions) could be accurately included within AMOEBA’s 

van der Waals term assuming that many-body charge transfer is not the driving force of 
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Zn(II) solvation dynamics. The validity of such assumption and the applicability of the 

present parameterization scheme to Zn
2+

 will be discussed in the first section of the 

discussion. For interactions between different types of atoms, these parameters undergo 

combination rules as described by Ponder [18]. The binding energies were computed as 

the total energy less the isolated water and ion energies at infinite separation distance. 

2.2.5 Molecular dynamics simulations with AMOEBA 

The AMOEBA polarizable force field [5, 17, 25] is used to study the solvation 

dynamics of Zn(II). Molecular dynamics simulations were performed via the TINKER 5 

package[40] to compute the solvation free energy of Zn
2+

. Independent simulations were 

first performed to “grow” the Zn vdW particle by gradually varying R() = (Rfinal) and 

() = (final) where  = (0.0, 0.0001, 0.001, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0). 

Subsequently, simulations were performed to “grow” the (+2) charge of Zn
2+

 along with 

its polarizability such that q(’)    ’(qfinal) and (’)    ’( final) where ’   (0.0, 0.1, 

0.2, 0.3, 0.325, 0.350, 0.375, 0.400, 0.425, 0.450, 0.475, 0.500, … , 1.0). The long-range 

electrostatics is modeled with particle-mesh Ewald summation for atomic multipoles with 

a cutoff of 7 Å in real space and 0.5 Å spacing and a 5th-order spline in reciprocal 

space[41]. The convergence criterion is 0.01 D for induced dipole computation. 

Molecular dynamics simulations were performed with a 1 fs timestep for 500 ps at each 

perturbation step. Trajectories were saved every 0.1 ps after the first 50 ps equilibration 

period. Temperature was maintained using the Berendsen weak coupling method at 

298K[42, 43]. The system contained 512 water molecules with one Zn
2+

 ion and 24.857 

Å is the length of each side of the cube. 

The absolute free energy was computed from the perturbation steps by using the 

Bennett acceptance ratio (BAR), a free energy calculation method that utilizes forward 
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and reverse perturbations to minimize variance[43, 44]. MD simulations were extended 

for 2.2ns (total 2.7 ns) with the final Zn
2+

 parameters and the resulting trajectory was 

used in the analysis of the structure and dynamics of water molecules in the first 

solvation shell. Water molecules separated by a distance less than the first minimum of 

the Zn
2+

-O RDF were considered to be in the first solvation shell. The averaged residence 

time of the first shell water molecules was directly measured by monitoring the entering 

and exit events. 

2.3 RESULTS AND DISCUSSION 

2.3.1 Contribution of charge transfer in Zn
2+

-water complexes 

Consistent with most molecular mechanics models, AMOEBA does not explicitly 

represent charge transfer. However, when the charge transfer contribution is significant, 

despite its limited magnitude in many-body complexes, it may be difficult to capture the 

overall many-body effect by only considering polarization. Therefore, it is important to 

investigate the charge transfer contribution to the Zn
2+

-water interaction energy and its 

dependence on the system size. To estimate the magnitude of charge transfer, we 

performed several Reduced Variational Space (RVS) energy decomposition analysis on 

complexes up to [Zn(H2O)6]
2+

. 

We report here complexes that were initially studied by Gresh et al.[10, 45, 46]: 

monoligated [Zn(H2O)]
2+

 complex and polyligated [Zn(H2O)6]
2+

, [Zn(H2O)5(H2O)]
2+

, and 

[Zn(H2O)4(H2O)2]
2+

 arrangements (octahedral-> pyramidal -> tetrahedral first-shell). As 

we can see in Table 2.1, the importance of charge transfer relative to polarization varies 

with the size of the Zn
2+

-(H2O)n complex and depends on the basis set. It makes up a 

significant portion of induction for a monoligated [Zn(H2O)]
2+

 and its contribution 

decreases as number of ligating water molecules increase to 6. The charge transfer effect 
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appears to be diluted within the entire induction energy (polarization and charge transfer) 

as the number of water molecules grows in agreement with previous observation of anti-

cooperative effects[10, 45, 46]. Note that basis set superposition error (BSSE) is not 

taken into account. As indicated by Stone[47], such systematic error can be clearly 

associated with the charge transfer effect. In contrast to the inverse relationship between 

CT and water ligation expressed by the zinc cation, the CT contribution associated with 

anions, such as Cl
-
, has been observed to increase as ligation increases[48]. These 

phenomena may be due to the asymmetric solvation environment for the anions as well as 

their modes of water ligation. However, analyses of CT effects are not apparent as they 

are found in both induction energy and basis set superposition error[47]. For the largest 

complex [Zn(H2O)6]
2+

), the BSSE amounts to 3.3 kcal/mol. After BSSE correction, the 

relative weight of charge transfer to the total induction reduces from 16.6% (Table 2.1) 

to 15.3% at the CEP-31G(2d) level. Using the large aug-cc-PVTZ for water coupled to 

the 6-31G** basis set for Zn(II), the observed trends are even more pronounced as the 

relative importance of charge transfer strongly diminishes from 6.4% of the whole 

induction for [Zn(H2O)4]
2+

  to less than 4% for the  [Zn(H2O)6]
2+

 complex while 

polarization becomes more dominant. Thus the magnitude of the CT estimated by ab 

initio methods is greatly dependent on the basis set used. While our results have been 

obtained at the Hartree-Fock level, recent studies clearly show that correlation acts on 

induction and leads to greater charge transfer energy[27, 49]. For this reason, we 

computed the induction energies on selected water clusters at both HF and DFT level 

using a recently introduced energy decomposition analysis (EDA) technique based on 

single configuration-interaction (CI) localized fragment orbitals[50]. We indeed find that 

the CT contribution increases slightly with DFT, however, overall it accounts for less 
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than 20% of the total induction energy for monoligated complexes and presumably would 

be even less in the bulk water environment. 

To gain further insight into the interaction of Zn
2+

 with water, we performed the 

Electron Localization Function (ELF) analysis. An important asset of the ELF topological 

analysis is that is provides a clear description of a covalent bond between two atoms as it 

exhibits a basin between atoms to indicate electron sharing. Here, we have considered 

several Zn
2+

-(water)n complexes, n =1 to 6. An important discovery from ELF analysis is 

that a covalent V(Zn,O) is only observed in the monoligated Zn
2+

-water complex (Figure 

2.2). In that case, we observe a net concentration of electrons between the zinc cation and 

the water oxygen, a clear sign of covalent bonding (1.9 e- on the bond). As n increases, 

the covalent V(Zn,O) feature disappears despite a residual mixing of Zn
2+

 contributions 

in the oxygen basin. Indeed, as the Zn-O distances increase with n (Figure 2.3 and Figure 

2.4), the Zn-O bond becomes more ionic as the charge transfer quickly diminishes. Such 

behavior could be then understood using the subvalence concept[34]. As shown by de 

Courcy et al.[34, 38], the cation density is split into several “subvalent” domains as its 

outer shells appear strongly polarized, which explains why covalency is not achieved. If 

the cation electron density is strongly delocalized towards the oxygen atoms, the center of 

the basin remains closer to Zn
2+

 (covalent bonding would implicate a polarized bond with 

a covalent V(Zn,O) basin localized closer to the more electronegative oxygen). ELF 

results thus suggest that although the induction in the Zn
2+

-water monoligated complex is 

dominated by charge transfer, this is not to the case for n from 2 to 6. In the latter case, 

the many-body effects are driven by the Zn
2+

 outer shells’ plasticity that accommodates 

the strongly polarized water molecules. The Atoms in Molecules (AIM) population 

analysis confirms that such behavior is present in DFT as well as at the MP2 level. As 

expected (see [27, 51] for example), DFT tends to slightly over-bind the complexes as 



 26 

compared to MP2 which clearly gives a better description of the bonding over Hartree-

Fock. 

To conclude on these various results, we expect that AMOEBA will improve in 

accuracy with increase in system size as the charge transfer effect becomes less important 

and the total induction will be dominated by polarization. In other words, we anticipate 

the discrepancy between AMOEBA and QM observed in the monoligated water-Zn
2+

 

complex to disappear in the condensed-phase.  This also suggests that an “ad-hoc” 

inclusion of the charge transfer into the polarization contribution by adjusting the 

polarization damping scheme (see the Thole model in the Computational Details) is 

probably not a suitable strategy. Indeed, charge transfer can rapidly vanish, and 

“polarization only” models over-fitted on monoligated complexes to include charge 

transfer will lead to an overestimated many-body effect in bulk-phase simulation as the 

polarization would still contain the unphysical charge transfer. Charge transfer should be 

treated explicitly or included in the van der Waals to certain extent. In this study, we 

adopt the latter approach to effectively incorporate the charge transfer in the bulk 

environment into the vdW interactions.  

2.3.2 Accuracy of the AMOEBA parameterization 

The distance dependent dimer binding energies were used to adjust vdW 

parameters (R and ) and the damping factor of polarizability (a) for Zn
2+

 was adjusted to 

match the CSOV polarization energy. Table 2.2 lists the final parameters of the Zn
2+

 

cation as well as the Mg
2+

 and Ca
2+

 cations parameterized by Jiao et al.[5] that are 

optimized for the Tinker implementation of AMOEBA. Meanwhile, parameters 

optimized for a slightly modified implementation of the AMOEBA force field present in 

Amber which embodies a modified periodic boundary condition treatment of long range 
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van der Waals are available as well[6]. It should be noted that although the previously 

reported parameters for Mg
2+

 and Ca
2+

 contained typographic inconsistencies[5], results 

from that work (thermodynamic energy, structural analysis, etc.) are obtained from 

parameters consistent with Table 2.2. Figure 2.5 compares CSOV polarization energy 

calculations with the AMOEBA polarizable force field as a function of distance between 

the cation and water. The difference between the two methods is mainly found at 

distances between 2 – 3 Å, where the charge transfer effect in the two-body system is 

strong.  However, such discrepancy is expected to diminish in bulk water as the charge 

transfer effect is expected to be less important as explained above. Comparison between 

total binding energies of the AMOEBA polarizable model and ab initio calculations are 

shown in Figure 2.6. As expected, the interaction energy between 2 and 3.5 Å appears to 

be underestimated (less negative) compared to ab initio result. The strategy here is, 

however, not to over-fit the AMOEBA model to the monoligated Zn
2+

 complex as the 

polarization energy and total interaction energy are already very reasonable considering 

the relatively simple force field functional form. The AMOEBA association energies for 

[Zn(H2O)6]2+, [Zn(H2O)5(H2O)]2+ and [Zn(H2O)4(H2O)2]2 complexes are -334.4, -333.4, 

and -331.9/-333.7 kcal/mol, respectively. Given that AMOEBA is mainly targeting 

condensed phase, the trend observed here is in reasonable agreement with the previous ab 

initio results (-345.3, -341.3, -337.4/-337.8 kcal/mol using CEP 4-31G (2d) basis set; -

365.9, -363.3, -360.0, -362.4 kcal/mol using 6-311G** basis set)[46]. Our approach is 

further validated in the condensed-phase hydration properties calculation next. 

2.3.3 Evaluation of Zn
2+

 Solvation in Water Using AMOEBA 

The hydration free energy is the key quantity describing the thermodynamic 

stability of an ion in solution. The solvation free energy of zinc in water has been 
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computed from molecular dynamics simulations using free energy perturbation (FEP). 

Table 2.3 lists the free energy of hydration for Zn
2+

, Mg
2+

, and Ca
2+

 compared with 

experiment-derived values[52, 53] and the results from the quasi-chemical approximation 

method[54]. The free energy values computed from AMOEBA are closer to those from 

quasi-chemical approximation (QCA) than to the data interpreted from experimental 

measurement. In the QCA method, the region around the solute of interest is partitioned 

into inner and outer shell domains. The inner shell is treated quantum mechanically while 

the outer shell was evaluated using a dielectric continuum model. Note that to decompose 

the hydration free energy of a neutral ion-pair, tetraphenylarsonium tetraphenylborate 

(TATB) has been most widely chosen as a reference salt, based on the extra 

thermodynamic assumption that the large and hydrophobic ions do not produce charge-

specific solvent ordering effects[52, 55]. Our results show better agreement with 

“experimental values” for Ca
2+

 and Mg
2+

 ions by Schmid who derived the single ion 

hydration free energy by using the theoretically determined proton hydration free energy 

as a reference[53]. The hydration free energy for Zn
2+

 ion computed using AMOEBA is 

in good agreement with values given by Marcus[52] and Asthagiri et al.[54], with 

deviations less than 1.9% and 0.2%, respectively. 

2.3.4 Solvent Structure and Dynamics 

To characterize the structure of water molecules around the ion, the radial 

distribution function (RDF) between the Zn
2+

 and oxygen atom of water molecule has 

been obtained from the 2.7-ns molecular dynamics simulation (Figure 2.7). The running 

integration of Zn-O, which imparts water-ion coordination information, is also plotted. 

The first minimum in the ion–O RDF is at a distance of 2.85 Å, which can be interpreted 

as the effective “size” of the complex composed of the ion and first water solvent shell. 
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The running integration indicates a water-coordination number of 6 in the first solvation 

shell, which is consistent with experimental observations [56-61]. The zinc cation 

expectedly binds to the first water shell more tightly than other ions, as evident in the 

more pronounced, narrow first peak as well as the shortest separation as shown in the ion-

O RDFs in Figure 2.8. Overall the zinc solvation structure show greater similarity to 

Mg
2+

 than Ca
2+

. 

The Born theory of ion solvation[62] states that there exists an effective solvation 

radius, RB, for each ion such that the solvation free energy of the ion in a dielectric 

medium is given by 

    
  

   
(  

 

  
) 

where q is the charge of the ion and    is the dielectric constant of the medium 

(80 for water). We have calculated the effective radius of zinc based on the Born equation 

from the solvation free energy obtained from our simulations. Table 2.4 gives a detailed 

comparison among Zn
2+

, Mg
2+

 and Ca
2+

. It should be noted, however, that previous 

studies have shown ion hydration energy is not symmetric with respect to 

electronegativity[4, 63, 64] as is implied by the Born theory. The first peak of the Zn
2+

-O 

RDF is at 1.98 Å and the effective Born radius of the cation is calculated to be 1.47 Å. A 

difference of ~0.5 Å between the two quantities is consistent with the results of other 

mono- and divalent metal ions[4, 5, 65-67]. The difference between the first minimum in 

the Zn
2+

-O RDF and the Born radius is 1.38 Å and is consistent with studies of other ions 

as well[4, 5]. 

In addition to the RDF, the solvation structure has been analyzed from the 

distribution of the angles formed by O–ion–O in the first water shell. Figure 2.9 

compares the distribution of angles for Zn
2+

, Mg
2+

, and Ca
2+

 cations. With sharp peaks 
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located near 90 and 180, the distribution of O-Zn
2+

-O angle suggests rigid octahedron 

geometry with the Zn
2+

 surrounded by six water molecules. Mg
2+

 shares a similar but 

slightly more flexible geometry, while results for Ca
2+

 suggest a more amorphous 

structure. Figure 2.11 is a sample frame from the molecular dynamics simulation to 

illustrate the octahedron arrangement between the zinc and the first shell water 

molecules. 

2.3.5 Dipole Moment 

The average dipole moment of water as a function of distance away from the zinc 

cation is computed. At the closest distance of 1.9 – 2.5 Å water experiences dipole 

moment from 3.0 – 3.9D. Due to the highly organized structure of the first water shell, a 

“vacuum” space free of water molecules is observed between 2.6 – 3.2 Å away from the 

cation, also evident in the Zn
2+

-O RDF. The higher dipole moment of Zn
2+

 relative to 

bulk water (2.77D[17]) within the first water shell is consistent with previous observation 

of other divalent cations[5]. The dipole moment of water in the first solvation shell of 

monovalent cations such as K
+
 and Na

+
, however, is lower than that of bulk water[55]. 

2.3.6 Residence Time 

We have investigated the lifetime of ion-water coordination by directly examining 

the average amount of time that a water molecule resides within the first solvation shell. 

The first solvation shell is determined by position of the first minimum of the Zn-O RDF. 

If an oxygen atom is less than 2.85 Å away from the Zn
2+

, the water is considered to be in 

the first solvation shell. Cutoff distances used for the first solvation shells of Mg
2+

 and 

Ca
2+

 are 2.95 Å and 3.23 Å, respectively. In Table 2.5, coordination numbers and 

residence times from AMOEBA simulations are compared with experimental values for 

Zn
2+

, Mg
2+

 and Ca
2+

[8, 68-74].  The Zn
2+

 to water-proton dynamics are studied with 
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quasi-elastic neutron scattering methods (QENS) as described by Salmon[68]. The water 

residence times directly sampled from the MD simulations are in better agreement with 

experimental results than those previously inferred from the time correlation function of 

the instantaneous first shell coordination number[5]. According to AMOEBA 

simulations, the residence time in the first solvation shell around Zn
2+

 is at least 2 ns and 

the water molecules around Ca
2+

 have a life time on the order of several ps, both of which 

are within the experimental ranges. For Mg
2+

, experiment suggests that water molecules 

could live up to a few µs while the simulations using AMOEBA indicates a residence 

time similar to that of Zn
2+

. Classical fixed-charge molecular mechanic methods suggest 

a residence time of 146 ps[75] for water around Zn
2+

, while quantum mechanical 

methods have not attained simulation times long enough to observe the exchange of 

water molecules in the first shell[56, 76]. The calculated water residence times are 

consistent with the analyses of radial distribution function and water angle distribution. A 

longer residence time is accompanied by a more ordered and closely packed water 

structure near the cation. 

2.4 CONCLUSIONS 

We showed that AMOEBA was able to provide a reasonably accurate description 

of Zn
2+

 interaction with water, especially in the bulk water environment. We explained in 

detail one of the reasons for such good performance - the ab initio calculations 

demonstrated that the relative importance of charge transfer diminishes as the number of 

water molecule increases, a sign of anti-cooperativity. We have established a fitting 

strategy for induction: charge transfer can be included into the pair-wise dispersion in the 

van der Waals contribution; incorporation of charge transfer into polarization would lead 

to an overestimation of the many-body effects. Despite the difficulty of the AMOEBA 
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model to reproduce the binding energy of the monoligated Zn
2+

-water complex, which 

exhibits non-classical covalent bonding as shown by ELF topological analysis, 

AMOEBA is able to afford robust estimation of the hydration free energy along with 

reasonable solvation structure and dynamics. The current and previous studies suggest 

that the classical polarizable multipole-based AMOEBA is an effective tool to model ion 

in bulk solution as good relative solvation free energies, structure and dynamic properties 

have been obtained for a range of mono- and divalent cations. The work clearly 

demonstrates the need of “interpretative” ab initio techniques (ELF, EDA methods) in 

order to follow a bottom-up approach going from the gas phase ab initio calculations to 

condensed-phase MD simulations. 

Table 2.1: Polarization energy and charge transfer energy from restricted variational 

space (RVS) energy decomposition of Zn
2+

 in the presence of water clusters of sizes 1, 4, 

5, and 6 at the HF/CEP-41G(2d) level (or HF/aug-cc-PVTZ/6-31G**, results in 

parentheses). Percentage of induction energy due to charge transfer is presented in the 

last row. All are in units of kcal/mol. 

Complex Zn(H2O) [Zn(H2O)4]
2+

 [Zn(H2O)5]
2+

 [Zn(H2O)6]
2+

 

Epol(RVS) -37.6 -118.7 (-135.3) -110.8 (-127.5) -104.3 (-117.5) 

ECT(RVS) -10.9 -28.7 (-9.3) -24.5 (-6.7) -21.8 (-4.51) 

(ECT/(Epol
+
ECT))*100 22.5 19.4 (6.4) 18.1 (5.0) 16.6 (3.7) 

Table 2.2: Ion parameters are shown: diameter, well depth, polarizability and 

dimensionless damping coefficient. 

Ion R (Å) є (kcal/mol) α (Å
3
) a

a
 

Zn
2+

 2.68 0.222 0.260
 

0.2096
 

Mg
2+

 2.94 0.300 0.080 0.0952 

Ca
2+

 3.63 0.350 0.550 0.1585 
a
 a is the dimensionless damping coefficient. 
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Table 2.3: Solvation Free Energy of Zinc in Water
a
 

Ion ΔG (kcal/mol) Experimental Quasi-chemical
d 

Zn
2+

 -458.9 (4.4) -467.7
b -460.0 

Mg
2+

 -431.1 (2.9) -435.4
c -435.2 

Ca
2+

 -354.9 (1.7) -357.2
c -356.6 

a 1 mol L
-1

 solution is chosen as the standard state. 

b Reference [52] 

c Reference [53] 

d Reference [54] 

Table 2.4: Radii results for Zn
2+

, Mg
2+

, and Ca
2+

 cations. Born radii, first peak in ion-O 

RDF with AMOEBA polarizable force field, experimental first peak in ion-O RDF, and 

first minimum in ion-O RDF are all indicated in Å. 

Ion Born Radius 

(Å) 
First peak in 

ion-O RDF 
Experimental 

first peak in 

ion-O RDF 

QM/MM 

first peak 

First minimum 

in ion-O RDF 

Zn
2+
 1.47 1.98 2.07

a
 2.11-2.18 

a
 2.85 

Mg
2+
 1.56

b 2.07 2.09
c
 2.13 

d
 2.95 

Ca
2+
 1.89

 b 2.41 2.41-2.44; 

2.437; 2.46
c
 

2.43 – 2.44 
d
 3.23 

a Reference [57] 

b Reference [5] 

c References [65, 66] and [67] 

d References [65, 66] 

Table 2.5: The coordination number, experimental coordination number, residence time, 

experimental residence time, and QM/MM residence times for each type of divalent 

cations. 

Ion 
Coordination 

Number 

Exp. Coordination 

Number 

Residence 

Time (s) 

Exp Residence 

Time (s) 

Zn
2+

 6 6
a
 2.2x10

-9
 10

-10
 – 10

-9
 
d
 

Mg
2+

 6 6
b
 1.9x10

-9
 2x10

-6
 – 10

-5 e,f
 

Ca
2+

 7.3 7.2 +- 1.2
c
 1.33x10

-10
 <10

-10
 – 10

-7 f
 

a Reference [56-61] 

b Reference [73] 

c Reference [74] 

d Reference [68] and [8] 

e References (Neely, 1970)[69] 

f Reference (Helm, 1999)[72], (Friedman, 1985)[70] and references within (Ohtaki, 1993)[71]  
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Figure 2.1: Given atoms A, B, and C, the local frame is identified by the z-axis and x-axis 

as shown. The y-axis is defined to create a right-handed coordinate system with the 

existing axes. 

 

 

Figure 2.2: ELF localization domains (basins) for the Zn
2+

-H2O complex. A covalent 

V(Zn,O) basin reflecting electron sharing is observed and reveals the covalent nature of 

the Zn-O interaction. 
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Figure 2.3: ELF localization domains (basins) for the Zn
2+

-(H20)2 complex. Non-covalent 

V(Zn) basin are observed describing the deformation of Zn
2+

 outer-shells density within 

the fields of the water molecules. 

 

Figure 2.4: ELF localization domains (basins) for the Zn
2+

-(H20)4 and Zn
2+

-(H20)6 

complexes. Again, non covalent V(Zn) basin are observed. 
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Figure 2.5: Polarization energy of zinc and water dimer in gas phase as a function of 

separation distance. 

 

Figure 2.6: Binding energy of zinc and water dimer in gas phase as a function of 

separation distance. The 6-31G(2d,2p)/aug-cc-pVTZ indicates that 6-31G(2d,2p) was 

used to represent the Zn
2+

 cation and aug-cc-pVTZ was used to represent the water 

molecule. Binding energy obtained from the last two basis sets used the same basis sets 

for both ion and water.  
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Figure 2.7: Radial distribution function of Zn
2+

-O (left axis) and water coordination 

number (right axis). 

 

Figure 2.8: Radial distribution function of divalent cations (Zn
2+

, Mg
2+

, and Ca
2+

) and 

oxygen atom in water. 
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Figure 2.9: Water-Ion-Water Angle distribution of divalent cations (Zn
2+

, Mg
2+

, and 

Ca
2+

) and oxygen atom in water. 

 

Figure 2.10: Dipole moment at each distance (Å) around ion. The dashed line is the 

interpolated dipole moment since water molecules were not sampled for the duration of 

the molecular dynamics simulation.  
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Figure 2.11: First solvation shell around Zn
2+

 ion. 
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3 Automation of AMOEBA Polarizable Force Field 

Parameterization for Small Molecules 

3.1 INTRODUCTION 

While small molecule parameters can be obtained relatively easily for fixed 

charge force fields using tools such as ANTECHAMBER and eLBOW[1, 2], the 

assignment of higher order multipole moments has traditionally been performed manually 

and in an ad-hoc manner. The lack of automation of the parameterization process has 

hindered the common adoption of multipole-based force fields. In addition, the choice of 

a local frame is required when an anisotropic electrostatic term is used. The assignment 

of atomic polarizabilities is necessary as well. This chapter articulates a procedure to 

generate the AMOEBA force field parameters for small molecules. A utility, POLTYPE, 

has been implemented to fully automate this procedure and is available at 

http://water.bme.utexas.edu/wiki/index.php/Software:Poltype as previously reported [3]. 

The parameters obtained from this procedure are substantiated via comparisons with 

http://water.bme.utexas.edu/wiki/index.php/Software:Poltype
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quantum mechanics calculations, other molecular mechanics simulations, and 

experimental measurements for a range of properties. 

3.2 METHODS 

3.2.1 Protocol 

Given the structure, net charge, and multiplicity of a molecule, all parameters can 

be systematically determined. The AMOEBA force field requires parameters for atomic 

charges, dipoles, quadrupoles, polarizabilities, damping coefficients (for high valence 

ions only), van der Waals diameters, and well-depths. Valence parameters include force 

constants and equilibrium values for bond lengths, angles, and torsion force constants of 

up to 6-fold. Figure 3.1 depicts an overview of the parameterization process. This 

procedure is implemented by the POLTYPE polarizable atomic typing utility. 

Prior to parameterization, the molecule with coordinates (Figure 3.1) are needed. 

Rotatable bonds are identified about four heavy atoms in which the second and third 

atoms share a single bond. Bond types can be provided in the structure given to 

POLTYPE. If not assigned, atom and bond perception is performed by taking advantage 

of the mechanism offered by The Open Babel Package, version 2.3.0. 

http://openbabel.sourceforge.net. Symmetric multipoles are classified (Figure 3.1) based 

on an iterative algorithm to identify graph invariant indices[4, 5] based on the maximum 

graph theoretical distance, heavy valence, aromaticity, ring atom, atomic number, heavy 

bond sum, and formal charge of an atom.  

Multipoles are obtained with Stone’s distributed multipole analysis[6] and then 

refined via electrostatic potential fitting. All quantum mechanics (QM) calculations are 

performed with Gaussian 09[7]. The structure was first optimized at the HF/6-31G* level. 

The initial QM single point calculation (Figure 3.1) then computes the electron density 

http://openbabel.sourceforge.net/
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matrix using the MP2/6-311G** level of theory and basis set. Additionally, a grid of 

electrostatic potentials are populated from high-level basis set single point calculations 

(Figure 3.1), which may be either the MP2/6-311++G(2d,2p) or MP2/aug-cc-pVTZ basis 

sets. The electrostatic potential is computed for a grid around each molecule. Grid points 

of four shells of increasing distance around a molecule with an offset of 1 Å and 0.35 Å 

apart was generated. The GDMA program[8] implements distributed multipole 

analysis[6]. It arranges multipole sites at atomic centers and analytically assigns initial 

multipoles (Figure 3.1) based on the density matrix. In GMDA v2.2, ‘‘Switch 0’’ and 

‘‘Radius H 0.65’’ were set to access the original DMA procedure. Atomic polarizabilities 

are assigned based solely on the element type of each atom. Polarization groups are 

partitioned between rotatable bonds. The final multipole parameters (Figure 3.1) are 

further optimized by fitting to electrostatic potentials with a 0.1 kcal mol
-1

 electron
-2

 

gradient convergence criteria. When there is intramolecular polarization, the electrostatic 

potential around the molecule is calculated from the permanent multipoles with full 

induced-dipoles added. Potential fitting and multipole assignment are currently based on 

modified utilities available in TINKER 5.1 and standalone versions of POLTYPE will be 

developed within the Force Field X (FFX) platform available at http://ffx.kenai.com/. In 

accordance with the solvation study conducted by Shi et al.[9], quadrupoles of hydroxyl 

groups are scaled by 60% after electrostatic potential fitting. 

Diameter and well-depth values for van der Waals are assigned based on elements 

and their valence orbitals. A SMARTS string pattern was used to search for bond orders 

with its neighbors and assigned after a database lookup (Figure 3.1). Hydrogen atoms 

also have a reduction factor that is based on the valence orbital of the atom to which it is 

bonded. Force constants for bond-length, angle-bend, stretch-bend, out-of-plane bend, 

http://ffx.kenai.com/
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and torsions about non-rotatable bonds are similarly obtained from a database lookup 

(Figure 3.1). Equilibrium values are taken from the QM optimized geometry. 

Torsional parameters about rotatable bonds (Figure 3.1) are obtained by 

comparing the conformational energy profile calculated from QM with the AMOEBA 

model that includes electrostatics, vdW, bonds, angles, etc. parameters. A set of torsion 

parameters is identified by 4 atom classes that surround the rotatable bond and are 

composed of force constants for each periodicity (1-6). The dihedral angle was scanned 

by minimizing all torsions about the rotatable bond of interest at 30° intervals with 

restraints. The 6th order Fourier series is then fit to the difference between the QM 

conformational energy and AMOEBA’s energy without the rotatable –bond torsion term. 

The QM conformational energy was obtained at the M06L/6-31G** level. Since torsion 

scanning gives 12 data points, no more than 8 parameters may be used to fit to the 

conformational energy profile. Torsions about the same central bond that are also in-

phase are collapsed in to one set of parameters for the fitting and the contributions are 

distributed evenly among the parameters. Additionally, if a torsional parameter greater 

than the difference between the maximum and minimum energy, then that parameter was 

omitted and the rest of the parameters were fit again. However, if all parameters are 

removed after the magnitude test, the torsion parameters of only the atoms used to 

restrain the torsions was fitted. If more than one rotatable bond contains the same classes, 

the force constants of all classes are averaged. 

3.3 RESULTS AND DISCUSSION 

3.3.1 Monomeric Comparisons 

Quantum mechanics calculations provide molecular properties such as dipole 

moments, optimized structures, conformational energies, and electrostatic potentials of a 
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grid around a molecule. The parameters of a diverse set of small organic molecules have 

been obtained using the POLTYPE polarizable atomic typing utility. A representative set 

of amino acid side model compounds obtained from the Atlas of Protein Side-Chain 

Interactions[10, 11] was parameterized. Additionally, the parameters were obtained for a 

subset of small molecules, which have corresponding experimental hydration free 

energies[12, 13]. The full listing of dipole moments, electrostatic potential room mean 

square deviation, optimized structure, and conformations energies computed with 

POLTYPE/AMOEBA parameters and quantum mechanics has been reported[3]. The 

molecular dipole moment of the optimized geometry computed using the 

POLTYPE/AMOEBA parameters compared with quantum mechanics calculations is 

shown in Figure 3.2. The RMS error of all molecular dipoles is 0.16 Debye and the 

correlation coefficient is 0.998. Molecules with particularly large dipole moment errors 

are anionic molecules such as CH3S- and C6H5S- with errors of 0.62 and 0.42 Debye, 

respectively. The molecular dipole moment from quantum mechanics calculations are 

6.71 and 3.40 Debye, respectively. Although C6H5S- may not have a large relative error, 

it poses one of the largest absolute errors. The electrostatic potential (ESP) RMS 

difference of a grid of point charges around a molecule is 0.16 kcal/mol and the 

molecules with the largest errors follow the same trend as that for dipoles. The average 

RMS distance between optimized geometries from POLTYPE/AMOEBA molecules and 

those optimized from quantum mechanics is 0.08 Å. For conformational energies, the 

correlation of all conformations prior to torsional fitting about rotatable bonds yielded a 

3.6 kcal/mol RMS deviation from QM and a 0.13 correlation coefficient. After fitting, the 

RMS deviation decreased to 1.24 kcal/mol with a 0.91 correlation coefficient. 
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3.3.2 Dimer Calculations 

The packing of side chains makes significant contribution to protein stability. 

Investigation of interactions between side chain model compounds is commonly used for 

evaluating the potential energy models. Typically, fixed charge potential energy models 

are not able to both gas-phase and solution-phase properties. However, AMOEBA aims 

to capture the energetics in different environments by including explicit polarization 

effects. The aforementioned Atlas of Protein Side-Chain Interactions[10, 11] was 

compiled by clustering interacting side chain pair conformations in 2548 nonhomologous 

protein structures from the Protein Data Bank. The geometry of the top cluster from the 

side chain pairs were used for dimer calculations. As the atlas only contains the 

conformation of heavy atoms, the systems were prepared [14] by adding hydrogen atoms 

to each model compound and then each pair was optimized at the DFT/TZVP level. 

Heavy atoms were held fixed during optimization. Table 3.1 shows the interaction 

energy of the most common dimer configurations calculated with AMOEBA compared 

with other QM and molecular mechanics methods. Amino acids are identified by their 

standard abbreviations. Charged residues that are neutralized have an “(N)” designation. 

Interactions calculated with CCSD(T)/CBS[15-17] are considered reference energies. 

The OPLS-AA/L[18] and Amber parm03[19] are energies computed with fixed charge 

force fields and were taken directly from a study by Berka and coworkers[14]. Note that 

typically fixed charge force fields use “enhanced” atomic charges for condensed-phase 

modeling such that comparison with gas-phase QM is not entirely useful. The 

DFT/TZVP and RI-MP2/aVTZ are quantum mechanics calculations used for comparison. 

Overall, the mean relative error (MRE) and maximal relative error (MRX) of 

interactions energies computed with parameters from POLTYPE for the AMOEBA force 

field are lower than errors of other force fields as well as DFT, but comparable to RI-



 51 

MP2 results. The mean absolute error (MAE), maximal absolute error (MAX), and root 

mean square error (RMS) are also lower than other molecular mechanics methods but 

worse than DFT. Interestingly, the MRX of all molecular mechanical methods perform 

better than DFT, as the latter shows significant “relative” errors for weak associating 

dimers. Similarly, AMOEBA and the fixed charge force fields yield a lower MAE 

compared to DFT. However, when an empirical dispersion function was incorporated in 

the DFT method[20, 21], the interaction energy prediction improves significantly [14]. 

RI-MP2 performs remarkably well in producing accurate interaction energies when 

compared to CCSD(T)/CBS. 

The charged pairs arginine-aspartate and lysine-glutamate (RD and KE) seems to 

be the source of the largest absolute error for all molecular mechanics methods. However, 

the relative error of the RD pair was less than 10% for POLTYPE/AMOEBA and OPLS-

AA/L with a larger error for Amber parm03. The relative error for the KE pair was less 

than 5% for AMOEBA and OPLS force fields. Additionally, a Symmetry Adapted 

Perturbation Theory (SAPT) decomposition of the KE interaction reveals that higher 

order energy beyond first-order electrostatics and repulsion and second-order induction 

and dispersion stabilizes the pair by about 3kcal/mol. Conversely, higher order energy 

stabilizes the RD pair by more than 6kcal/mol and suggests that the difficulty with this 

pair may be due to interactions not captured by the energy function of molecular 

mechanics models. 

Pairs with polar residues yield lower absolute error for POLTYPE/AMOEBA. 

However, it should be noted that the conformation of residues such as aspartic acid may 

be artificial due to the system preparation described above. Since all geometries chosen 

for the aspartic acid have C–O bonds lengths in a narrow range between 1.24 – 1.25 Å, 

this geometry only corresponds to the COO– carboxylate ion[22, 23]. Typically, 
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protonated carboxylic acid exhibits assymetric bond-lengths of 1.31 Å and 1.2 Å. Since 

geometries in the current test set are obtained from PDB structures and then minimized 

with heavy atoms fixed and hydrogen atoms added, pairs with artificially protonated 

carboxylic acid such as D(N)H(N) do not accurately describe electron distributions of 

charged carboxylate nor neutral carboxylic acid.. Reassignment of multipoles with the 

artificial structure indeed yields an interaction energy of the D(N)H(N) pair that more 

closely matches the reference energy of the structure. The R(N)D(N) pair exhibits a 

similar sensitivity to geometry in which an assignment of multipoles with the given 

structure yields the error in Table 3.1, but the assignment of multipoles with a monomer-

optimized structure further underestimated the interaction energy by ~3 kcal/mol. These 

examples suggest that the electron distribution of unphysical structures, particularly 

protonation states that are incompatible with its heavy atom conformation, cannot be 

captured by molecular mechanical models including AMOEBA. The parameterization of 

molecular mechanics models is based on minimum energy structures as it is unlikely for 

simple classic mechanical model to capture the complete potential energy surface 

especially when the structures deviate significantly from the local minima and 

“chemical” changes are involved. Nonetheless, dimer interaction energy calculations 

provide insight in to the non-covalent interactions of a system and are conducive to the 

development of a force field. This is particularly true for AMOEBA since polarization 

allows parameters to be transferable between gas- and condensed-phase without the need 

to “pre-polarize” and scale up partial charges. Moreover, other workers[24] support the 

proficiency of AMOEBA in predicting interaction energies of fragment pairs 

decomposed from the HIV−II protease crystal structure and show improvement over 

other classical molecular mechanics models. 
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3.3.3 Solvation 

The thermodynamic properties of molecules developed with POLTYPE are 

studied and compared with experimental values. The parameters of several families of 

small molecules containing functional groups in drug-like molecules were obtained for 

AMOEBA using POLTYPE and their hydration free energies (HFE) are computed with 

the Bennett acceptance Ratio (BAR)[25]. In a similar procedure as a previous AMOEBA 

HFE study[9], perturbations of the solute required the decoupling of electrostatic and van 

der Waals interactions. The perturbation of electrostatic atomic multipoles and 

polarizabilities was scaled down the linearly with λ   (1.0, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 

0.2, 0.1, and 0.0). We also scale down the radius and well-depth of vdW interactions 

linearly with λ   (1.0, 0.9, 0.8, 0.75, 0.7, 0.65, 0.6, 0.5, 0.4, 0.2, and 0.0). Molecular 

dynamics in solvent were carried out by placing the solute molecule at the origin of a pre-

equilibrated a cubic 28.78 Å periodic box containing 800 water molecules. The system 

was then equilibrated for 50 ps at 298 K. For each perturbation step, 500 ps molecular 

dynamics simulations were performed with 1 fs time steps and vdW cutoff of 12 Å at 298 

K constant temperature using the Berendsen thermostat[26]. The long-range electrostatics 

for all the systems were treated using Particle Mesh Ewald (PME) summation [27-29]. 

The atomic coordinates at every 500 fs were used for post-analysis except for first 100 ps 

simulation. Gas phase simulations were run on the single solute molecule for 50 ps with a 

time step of 0.1 ps at 298 K using a stochastic thermostat. Atomic coordinates at every 

100 fs were used for post-analysis. Previously, Mobley et al.[30] conducted a study to 

compute HFE for a larger set of molecules with the fixed charge general Amber force 

field (GAFF)[31] by assigning AM1-BCC partial charges[32, 33]. Hydration free 

energies with the AMOEBA force field, GAFF and experimental results[12, 13] are listed 

in Table 3.2. Included in the table is also the free energy difference observed while 
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electrostatics and van der Waals interactions are perturbed. The RMS error of HFE with 

POLTYPE/AMOEBA for the set of molecules in this study is 0.75 kcal/mol. Although 

previous work with a larger set of molecules with GAFF yielded a lower RMS error, the 

error for the set in this study is 1.56 kcal/mol. When families of molecules are 

considered, alkenes have errors of ~0.6 kcal/mol while the errors for GAFF are ~1 

kcal/mol. Similarly, HFE predicted by POLTYPE/AMOEBA of nitro-containing 

molecules consistently yield lower errors than GAFF. 

However, GAFF had errors of lower magnitude than POLTYPE/AMOEBA for 

two alkanes (22-dimethylbutane and n-octane). It should be noted that the free energy 

differences observed for these molecules due to van der Waals perturbations are 

consistent between AMOEBA and GAFF. It seems that electrostatics is too “attractive” 

in AMOEBA. The source of error in AMOEBA electrostatics is likely due to the ESP 

optimization procedure. For example, in the fitting process of n-octane there are 

significantly changes in the quadrupoles of the terminal hydrogen atoms, which are 

shared by 6 atoms. Large deviations from those obtained from DMA may result in 

unphysical electrostatic parameters. Relaxing the convergence criteria of ESP fitting from 

0.1 to 0.5 kcal mol
-1

 electron
-2

 gradient convergence criteria or moving the grid points 

away from the vdW surface may prevent unphysical multipoles resulting from the 

optimization. We are currently investigating this procedure especially for large linear 

molecules. Additionally, care must be taken when defining polarization groups. Some 

families such as aldehydes cannot be partitioned between carbonyl C=O and its 

neighboring heaving atom. When the groups are inappropriately partitioned across the 

bond, errors in HFE prediction increase to 1.53 and 1.55 kcal/mol for isobutyraldehyde 

and propionaldehyde, respectively. 
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Additionally, the hydration of ionic molecules is studied. For this preliminary 

study, a generic scaling factor for formally charged atoms was applied. For hydrogen 

atoms bonded to atoms with positive formal charge, their vdW diameters were scaled 

down by 10% from their original parameters. Conversely, the vdW diameters of atoms 

with a formal negative charge were scaled up by 10%. These scaling methods will be 

further investigated and refined. Simulations details are the same as those of neutral 

solutes. It should be noted, though, that difficulties arise in the comparison with 

experiments of homogenous ions as they are not directly accessible and must be 

conducted in salt solutions. The contributions of anions and cations then must be 

determined through various schemes such as self-consistent thermodynamic analysis[34], 

the TATB assumption[35], or the cluster-pair approximation[36]. The experimental 

hydration data that we compare with here apply the cluster-pair approximation, which is 

based on the correlation between ion–water clustering data and aqueous solvation free 

energies of neutral ion pairs. However, when comparing ion solvation quantities, 

differences between experimental methods and measurements should be taken in to 

consideration. Therefore the comparison of an anion-cation salt pair is more appropriate 

than single ions alone, if the HFE of the pair has been determined in a consistent manner. 

Experimental hydration free energy of single ions and salt and corresponding energies 

using POLTYPE/AMOEBA are shown in Table 3.3. The salt HFE of an anionic 

molecule is taken here to be the sum of HFE of the molecule and the sodium cation[37, 

38]. Similarly, the salt HFE of a cationic molecule is taken to be the sum of the HFE of 

the molecule and the chlorine anion [37, 38]. The correlation coefficient between salt 

HFE obtained from experimental and POLTYPE/AMOEBA is 0.95 and the unsigned 

mean relative error is less than 3%. Phosphor and sulfur containing cationic molecules 

produced salt HFE that agreed with well experiment. Some of the largest errors come 
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from the oxonium cations. As mentioned previously, a simple scaling has been applied to 

all atoms with a formal negative charge or hydrogen atoms bonded to atoms with a 

positive charge. Further investigation of accurate ion parameters is required. 

3.3.4 Ligand-protein Binding 

We also performed free energy calculations with implicit solvent to elucidate the 

effects of configurational change due to binding that are not addressed properly. The free 

energy difference of binding between two ligands (L1 and L2) to a common protein is 

depicted by a thermodynamic cycle [39] and is based on previously reported results[40]. 

The relative binding energy then is G = Gbind,L2 – Gbind,L1 = Gcomplex,solv – 

Gligand,solv – Gprotein,solv. The Bennett Acceptance Ratio (BAR) [25, 41], a free energy 

calculation method that minimizes variance by utilizing forward and reverse 

perturbations was applied to perturb and calculate the free energy difference between 

states. Snapshots for free energy calculations were generated with molecular dynamics 

via the AMOEBA polarizable force field [42]. The electrostatic contribution to solvation 

energy was calculated implicitly with the polarizable Generalized-Kirkwood model 

developed by Schnieders et al [43]. The nonpolar contributions to solvation energy are 

composed of cavitation and dispersion terms [44-47]. The former involves the work 

required to displace the solvent and is a function of the solvent-accessible surface area 

(SASA). The latter describes the nonpolar dispersion interactions between solvent and 

solute. Unlike the MM-PBSA method [48], which calculates free energy from end-state 

simulations, we apply BAR/GK to perturb the system in implicit solvent. 

The soft-core buffered 14-7 potential [49] was used to prevent energetic 

instabilities as annihilated atoms are penetrated by other atoms. This interaction replaces 

Halgren’s buffered 14-7 interaction only for annihilated and non-annihilated atoms. 
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Although the reaction coordinate in the Halgren potential is sufficient to perturb the vdW 

interactions, the radii of annihilated atoms still need to be scaled for proper treatment of 

the effective Born radii. This radii is used for implicit polar and nonpolar implicit 

solvation. The RATTLE algorithm [50] was used to constrain ideal bond lengths and 

angles of hydrogen bonds. The time step was 1.5 fs and each simulation was run for 150 

ps. Since the configurational degrees of freedom are already incorporated in the nonpolar 

implicit solvation contribution, less simulation time is required. 

Additional studies [39] examined the binding free energy of 4 ligands to 

benzamidine relative to the binding of trypsin-benzamidine and decomposed the entropy 

into translational, rotational, and vibrational contributions [51, 52]. The entropy 

calculated from these terms was added to the relative binding energy obtained from the 

PMPB/SA (Polarizable Multipole Possion Boltzmann/Surface Area) method. The binding 

free energy calculated via PMPB/SA with and without entropic terms compared to 

experimental values [53-58] yielded correlations of 0.667 and 0.708, respectively, and do 

not have a significant difference. Meanwhile, a correlation of 0.933 and root mean square 

error of 0.88kcal/mol were achieved using the GK/BAR method when compared with 

experiment (see Figure 3.3). The GK/BAR binding free energies offset by the explicit 

water BAR calculations of trypsin-benzamidine[59] and MM-PBSA calculated energies 

are shown in Figure 3.3. This suggests that the “slower” perturbation between end-states 

in the GK/BAR method may be necessary to capture the configurational degrees of, 

freedeom. 

3.4 CONCLUSIONS 

A protocol to develop AMOEBA models for small molecules has been 

established.  In this work, we have described a standard approach to generate the 
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AMOEBA force field for small and drug-like molecules. Although the parameterization 

process for the AMOEBA polarizable force field requires more sophistication compared 

to process for fixed-charge force fields, a straightforward procedure is described here. 

The POLTYPE utility allows one to generate the AMOEBA polarizable force field for a 

small molecule in a fully automated manner. We have shown good agreement with 

quantum mechanics calculations in gas phase for monomers and dimers for neutral as 

well as charged molecules. Although electrostatic parameters for traditional fixed-charge 

force fields need to be “pre-polarized” due to their lack of ability to modify the electron 

distribution of a molecule, this precludes an accurate model where the electric field 

undergoes significant changes. Alternatively, POLTYPE obtains AMOEBA parameters 

in gas-phase, which are transferred directly to liquid-phase systems without modification. 

The hydration free energy (HFE) of neutral and charged molecules have been calculated 

with the Bennett Acceptance Ratio and compared with experimental values. The RMS 

error for the HFE of neutral molecules is less than 1 kcal/mol, while the unsigned mean 

relative error is less than 3% and a correlation coefficient of 0.95 for the HFE of salts 

containing charged molecules. Although some assignments such as the van der Waals 

diameters of atoms with formal charge of ionic molecules need further investigation, 

POLTYPE readily facilitates the systematic study of these chemical functional groups. 

We believe the advantage of polarizable force fields such as AMOEBA will be further 

illustrated in processes where significant environmental changes (i.e. electric field) are 

involved. Additionally, as more powerful computing paradigms develop[60], including 

those that may seem inaccessible in the near future[61], the applicability of existing 

models will expand. An implementation of the AMOEBA force field, for example, has 

taken advantage of such developments [62] as the model becomes more widely adopted 

and a strong supporting community grows. 
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Table 3.1: Interaction energies (kcal/mol) for amino acid pairs calculated using several 

approaches in gas phase. Interaction energies computed with the CCSD(T) complete 

basis set (CBS) is used as the reference method. Interaction energies calculated with the 

AMOEBA force field parameterized with POLTYPE are performed as a part of this 

work. The DFT method was carried out with the TPSS functional and TZVP basis. The 

aug-cc-pVTZ basis set and resolution of identity approximation was used for the MP2 

method. MRE is the unsigned mean relative error (%), MRX is the signed maximal 

relative error (%), MAE is the unsigned mean absolute error, MAX is the signed maximal 

absolute error, and RMS is the signed root mean square error. 

Dimer
a
 

CCSD(T) 

CBS
b
 

POLTYPE 

AMOEBA 

OPLS 

AA/L
c
 

parm03
d
 

DFT 

TZVP 

RI-MP2 

aVTZ 

RD -110.80 -100.33 -105.71 -90.37 -110.60 -110.21 

KE -108.40 -104.86 -106.02 -103.57 -108.27 -107.75 

DH(N) -30.64 -28.15 -12.20 -22.36 -28.83 -30.91 

D(N)H(N) -17.97 -15.10 -10.90 -7.80 -16.26 -17.94 

R(N)D(N) -16.32 -12.38 -8.94 --- -14.71 -15.92 

K(N)E(N) -10.76 -9.54 -8.80 -9.11 -9.81 -10.65 

QN -7.37 -4.86 -8.61 -8.84 -5.66 -6.92 

TT -6.50 -7.99 -7.96 -6.83 -4.81 -6.28 

YY -4.66 -5.41 -3.84 -3.62 1.35 -5.51 

TS -4.50 -5.15 -4.38 -4.40 -3.36 -4.30 

LW -4.04 -4.16 -3.46 -3.46 1.00 -4.74 

YP -3.79 -3.83 -3.05 -3.09 0.44 -4.11 

FF -2.33 -2.41 -1.97 -2.26 1.11 -3.04 

MM -2.03 -1.95 -3.14 -2.35 1.22 -2.01 

LY -1.72 -1.72 -1.86 -1.52 0.96 -1.66 

LL -1.62 -1.60 -1.40 -1.66 0.00 -1.60 

MC -1.46 -1.28 -2.01 -1.20 0.25 -1.43 

VV -1.39 -1.52 -1.36 -1.43 0.44 -1.28 

IL -1.39 -1.36 -1.19 -1.41 0.06 -1.35 

II -1.24 -1.22 -1.13 -1.20 0.62 -1.11 

LT -1.09 -1.11 -0.91 -1.05 0.02 -1.02 

VL -1.08 -1.06 -0.81 -1.11 0.11 -1.01 

AL -1.07 -1.11 -1.00 -0.94 0.71 -0.93 

LG -0.77 -0.75 -0.75 -0.53 -0.09 -0.71 

 
MRE [%] 8.69 19.54 13.55 83.61 6.52 

 
MRX [%] 34.01 60.19 56.58 166.28 -30.62 

 
MAE 1.28 2.11 2.22 2.03 0.26 

 
MAX 10.47 18.44 20.43 6.01 -0.85 

 
RMS 2.61 4.16 4.78 1.4 0.36 

a 
Other than POLTYPE/AMOEBA, interaction energies were calculated by (Berka, 2009) 

b 
Reference calculation (Tsuzuki, 2005; Sinnokrot, 2004; Hobza, 1999) 

c
 Interaction energy computed using OPLS-AA/L force field (Kaminski, 2001) 

d
 Interaction energy computed using parm03 force field (Duan, 2003) 
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Table 3.2: Hydration free energies (kcal/mol) of small molecules obtained from 

experiment, POLTYPE/AMOEBA, and general Amber force field (GAFF). 

 Expa
 POLTYPE/AMOEBA GAFFb 

Molecule Name Gexp Gele Gvdw GAMOEBA Error AMOEBA Gele Gvdw GGAFF Error GAFF 

2 methylbut 2 ene 1.31 -1.78 2.51 0.72 -0.59 -0.55 2.83 2.28 0.97 

but 1 ene 1.38 -1.65 2.48 0.83 -0.55 -0.37 2.85 2.48 1.10 

1 nitrobutane -3.09 -4.50 1.95 -2.55 0.54 -2.43 0.92 -1.51 1.58 

2 nitrophenol -4.58 -5.43 1.24 -4.19 0.39 -5.40 0.06 -5.34 -0.76 

4 nitrophenol -10.64 -11.09 1.49 -9.61 1.03 -8.04 -0.18 -8.22 2.42 

22 dimethylbutane 2.51 -0.75 2.44 1.70 -0.81 0.01 2.52 2.53 0.02 

n octane 2.88 -1.37 3.11 1.74 -1.14 0.01 3.12 3.13 0.25 

23 dimethylphenol -6.16 -7.24 2.28 -4.96 1.20 -6.49 1.82 -4.67 1.49 

tert butylbenzene -0.44 -3.54 2.21 -1.33 -0.89 -2.98 2.56 -0.42 0.02 

3 chloropyridine -4.01 -5.42 1.40 -4.02 -0.01 -3.78 1.28 -2.50 1.51 

di n butylamine -3.24 -6.86 3.28 -3.58 -0.34 -4.71 3.08 -1.63 1.61 

di n propyl ether -1.16 -5.41 2.71 -2.70 -1.54 -2.67 2.88 0.21 1.37 

methyl isopropyl ether -2.01 -5.37 2.62 -2.75 -0.74 -2.89 2.14 -0.75 1.26 

di n propyl sulfide -1.28 -4.16 2.35 -1.81 -0.53 -2.15 2.64 0.49 1.77 

dimethyl disulfide -1.83 -3.22 1.99 -1.23 0.60 -0.72 2.20 1.48 3.31 

isobutyraldehyde -2.86 -5.29 2.17 -3.12 -0.26 -4.98 2.05 -2.93 -0.07 

propionaldehyde -3.43 -5.26 1.85 -3.41 0.02 -5.06 1.98 -3.08 0.35 

methanethiol -1.24 -2.85 2.02 -0.83 0.41 -2.25 1.99 -0.26 0.98 

n butanethiol -0.99 -3.77 2.10 -1.68 -0.69 -2.39 2.27 -0.12 0.87 

methyl acetate -3.13 -6.20 2.01 -4.19 -1.06 -5.44 1.71 -3.73 -0.60 

oct 1 yne 0.71 -2.40 2.94 0.54 -0.17 -0.83 3.29 2.46 1.75 

pent 1 yne 0.01 -2.37 2.39 0.02 0.01 -0.81 2.74 1.93 1.92 

octan 1 ol -4.09 -7.87 2.68 -5.20 -1.11 -5.13 2.48 -2.65 1.44 

p dibromobenzene -2.30 -3.7 2.22 -1.48 0.82 -1.70 1.69 -0.01 2.29 

tribromomethane -2.13 -3.82 2.45 -1.37 0.76 -0.70 1.58 0.88 3.01 
a
 Experimental HFE (Abraham et al., 1990 and Chambers et al., 1996) 

b
 HFE calculated from General Amber force field (Mobley, 2009 and Wang, 2004) 
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Table 3.3 Hydration free energy (kcal/mol) of ionic molecules and their corresponding 

salt. 

Molecule G exp G salt exp G AMOEBA G salt AMOEBA 

(CH3)2PH2+ -57 -131.5 -47.87 -134.37 

CH3PH3+ -63 -137.5 -51.80 -138.30 

(CH3)2SH+ -64.5 -139 -51.53 -138.03 

CH3SH2+ -74 -148.5 -57.54 -144.04 

CH3NH3+ -76.4 -150.9 -68.16 -154.66 

(CH3)2NH2+ -68.6 -143.1 -63.01 -149.51 

HC(OH)NH2+ -78 -152.5 -67.31 -153.81 

C6H5NH3+ -72.4 -146.9 -63.15 -149.65 

C5H5NH+ -58 -132.5 -52.19 -138.69 

imidazoleH+ -64 -138.5 -54.45 -140.95 

CH3C(OH)CH3+ -77.1 -151.6 -53.57 -140.07 

(CH3)2OH+ -79.7 -154.2 -59.01 -145.51 

CH3CH2OH2+ -88.4 -162.9 -68.32 -154.82 

CH3OH2+ -93 -167.5 -73.75 -160.25 

CH3O- -95 -198.2 -105.67 -197.47 

HCO2- -76.2 -179.4 -91.27 -183.07 

CH3S- -73.8 -177 -85.13 -176.93 

C6H5S- -63.4 -166.6 -67.25 -159.05 
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Figure 3.1: Overview of the parameterization procedure for POLTYPE. 

 

Figure 3.2: Molecular dipole moment computed from AMOEBA parameters and 

quantum mechanical calculations. 
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Figure 3.3: Comparison of experimental and calculated binding free energies from 

BAR/GK and PMPB/SA calculations. 
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4 Gay-Berne and Electrostatic Multipole-based Coarse-grain 

Potential in Implicit Solvent 

4.1 INTRODUCTION 

A general coarse-grain model, consisting of rigid bodies of anisotropic Gay-Berne 

particles and point multipoles, has been developed[1]. The Generalized Kirkwood 

method is applied to account for the solvation effects [2]. While the current coarse-grain 

(CG) model is constructed from atomic force fields as with other coarse-grained models, 

our focus is on representing the general components of intermolecular forces such as 

electrostatic and repulsion-dispersion at a CG level, rather than matching the overall 

effective forces produced by atomic models. The strategy is much similar to that of 

developing empirical atomic potential energy model from quantum mechanical 

principles. The resulting CG model is transferable and not limited to specific systems or 

environments.  Another distinct feature is that the model adopts the common functional 

forms that are supersets of all-atom model, which will facilitate future multi-scale 

applications. 

4.2 METHODS 

4.2.1 Gay-Berne Potential 

The coarse-grain repulsion-dispersion interactions are represented with 

anisotropic Gay-Berne (GB) potentials. A full description of the Gay-Berne potential is 

available in our previous work [3, 4]. Based on Gaussian-overlap potential, the potential 

energy between two particles i and j has the form 

 

(1) 

Where the range parameter ˆˆ ˆ(u ,u , r )i j ij  has the generalized form as 
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where l and d are the length and breadth of each particle, respectively.  

The terms 
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 and 
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The total well-depth parameter is presented as 

0 1 2
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The orientation-dependent strength terms are calculated in the following manner 
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The well depth of the cross configuration is denoted by , the well depth of the 

end-to-end/face-to-face configuration is presented as , and denotes the well depth 

of the side-by-side configuration[5]. Here we improved the accuracy of the Gay-Berne 

model by separating the ratio of to two independent variables, and .  

The new representations of  and  allow the consistent result for a pair of 

Gay-Berne particles of arbitrary types.  Between unlike pairs, all values and their 

and are specified explicitly or computed using a combining rule [6]. The Wd  

parameter describes the “softness” of the potential to allow better correlation with the all-

atom energy profile. The parameters and  were set to canonical values of 2.0 and 1.0, 

respectively. The current Gay-Berne potential with electrostatic multipole (GBEMP) 

model is implemented based on the TINKER molecular dynamics package [7]. 

The terms
'2 ,

' '2 , and 
' ' 2 

 were treated as inseparable and computed 

directly as: 
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Electrostatic potentials are represented with pairwise interactions of point 

multipole sites up to quadrupole. Each rigid body may contain zero or more off-center 

multipole sites where the local frame of the site is aligned with the principle axis of the 

rigid body. Electrostatic interactions of the GBEMP model is analogous to the 

AMOEBA’s permanent electrostatic terms described previously and also provided in 

previous work [3, 4]. 

4.3 RESULTS AND DISCUSSION 

4.3.1 Benzene and Methanol Model 

The improved Gay-Berne functional form has been validated on benzene and 

methanol molecules, which were represented by disk-like and rod-like particles, 

respectively. As with the previous studies [3, 4], the Gay-Berne parameters were derived 

by first fitting to the gas-phase homodimer intermolecular interaction energy and then 

refined in the liquid simulations. All-atom homodimer interactions energy for cross, end-

end, face-face, and side-by-side configurations was obtained at various separations up to 

12 Å apart. At each separation, the dimer interaction energy was calculated as a 

Boltzmann average over configurations generated by rotation about the primary axis of 

each Gay-Berne particle. Molecular electrostatic multipole (EMP) moments of benzene 

and methanol in liquid environments were obtained from atomic multipoles, including 

induced dipoles, given by the all-atom AMOEBA polarizable force field [8, 9].  

In coarse-grained liquid simulations, the initial structures of benzene and 

methanol particles were created by mapping from all-atom structures. After rigid-body 

energy minimization, MD simulations of a box of ~300 molecules were performed with 
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an NPT ensemble at 298 K and 1 atm. The periodic boundary condition was applied with 

a cutoff of 12 Å. Different time steps (up to 20 fs) were tested in the CG simulations.  

A comparison of dimer interaction energies between the all-atom and GBEMP 

models shows that the new functions for combining the Gay-Berne well-depth 

parameters,  and , produce a better agreement than the previous Gay-Berne 

function (see Appendix). The well-depth for benzene in the T shape configuration has 

increased to 0.91 Kcal/mol from 0.52 Kcal/mol using the previous model) and more 

closely matches that of all-atom result (1.60 Kcal/mol) (See Figure S1). Liquid 

simulations for benzene and methanol yield bulk properties, such as internal potential 

energy and density, that are in excellent agreement with the experimental values (error < 

2%) (see Appendix). The GBEMP model is next extended to polyalanine peptides that 

consist of bonded coarse-grained particles. 

4.3.2 Alanine Model 

In our CG model, a peptide is composed of covalently bonded rigid bodies, with 

Gay-Berne and/or electrostatic multipole sites. Bonding occurs between the Gay-Berne or 

EMP sites on different rigid bodies. Bond stretch energies adopt the fourth-order Taylor 

expansion of the Morse potential. Bond angle bend energies utilize a sixth-order 

potential. A three-term Fourier series expansion is calculated with the torsion energy. 

These valence functional forms are similar to those used by classical molecular 

mechanics potential such as MM3 [10]. To use large time-step in MD simulations, the 

bond and angle terms can be restrained using rattle algorithm [11]. 

In a previous work [4], we have devised a general rigid-body representation 

containing an arbitrary number of off-centered Gay-Berne and multipole interaction sites 

that share the same local frame. Gay-Berne interactions are computed using orientation 

E S
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and site location vectors in Cartesian coordinates, relative to the local frame of the rigid 

body, as variables. Likewise, multipole interactions are computed via positions given by 

Cartesian coordinates relative to the local frame of the rigid body. The dialanine model 

consists of 5 rigid bodies (I through V) as depicted in Figure 4.1. Gay-Berne parameters 

of amide and methyl groups were obtained with the same procedure as described above, 

by fitting to AMOEBA atomic force field. As in Figure 4.1, the rigid body that 

represents the amide group consists of one Gay-Berne particle and two EMP sites. Gay-

Berne sites 1, 5, and 10 are spherical methyl groups while sites 3 and 8 are equivalent 

ellipsoid amide groups. Similarly, sites 2 and 7 share the same EMP type, as do sites 4 

and 9. Site 6 is used to compute bonded interactions only. Bonds exist between sites (1, 

3), (4, 6), (6, 8), and (9, 10). An example of an angle is composed of sites (1, 3, 2) and a 

torsion angle is composed of sites (3, 4, 6, 8). The 12-mer alanine model polymerizes 

rigid bodies II and III from Figure 4.1 as a repeating unit 12 times, thus, requiring 27 

rigid bodies. For each rigid body type, the coordinates of the corresponding atoms are 

recorded in the local frame, which allow us to map the coarse grain molecules back to all-

atom structures. Note that although the Gay-Berne particle is symmetric about the 

primary axis, the rigid body is not necessarily symmetric due to the presence of off-center 

site and/or multipoles.  

Solvation is represented implicitly and is composed of polar and nonpolar 

contributions. Polar solvation employs the Generalized Kirkwood (GK) method [2], a 

multipolar extension of the Generalized Born approach [12, 13] and is computed for all 

the multipole sites. The Grycuk effective radius [14] is used in the polar solvation 

calculations. Nonpolar solvation is evaluated for all Gay-Berne sites with the ACE 

surface area method [15] and Still method[12, 16] to estimate the effective radius of each 

particle.  All solvation methods as well as effective radii estimation methods are 
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implemented in the TINKER 5[7] molecular modeling package and adapted to the current 

GBEMP suite. Particle radii used for effective radii estimation are taken from the 

maximum of the Gay-Berne  or  parameters. Rigid bodies with more than one 

multipole site, like the amide groups in Figure 4.1 (II and IV), uniformly divide the Gay-

Berne radius value among all sites. 

Parameters for the alanine model were obtained for the non-bonded terms, such as 

Gay-Berne and electrostatic multipole potentials, as well as the bonded terms, such as 

bond stretching, angle bending, and torsion energies. Applying the same procedure used 

to parameterize benzene and methanol, Gay-Berne and EMP parameters for each rigid 

body in an alanine residue were fit to all-atom homodimer energy and monomer 

multipole (in solution environments), respectively. Bond stretch and angle bend 

parameters were parameterized via Boltzmann inversion with atomic configurations 

generated from molecular dynamics of alanine dipeptide using AMOEBA. Molecular 

dynamics were executed in an NVT ensemble with explicit solvent (209 water molecules) 

in a 19.7 Å box with a 1 fs time step at 298 K. Torsional energy parameters were fit to the 

all-atom conformational energy map generated with fixed-charge OPLSAA with 

Generalized Born Surface Area implicit solvation [12, 15]. OPLSAA is chosen as it is a 

commonly used atomic force field and uses the similar torsional energy function as in the 

current coarse-grain model. Nonetheless, the torsional parameters will be refined in the 

future by comparing directly to experimental data [17]. As we discuss below, the 

torsional term only contributes to a fraction of the conformational energy along with the 

intramolecular nonbonded electrostatic and van der Waals interactions.  

l d
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4.3.3 Dialanine Energy Components from CG Model 

The conformational energy of dialanine as a function of backbone dihedral angles, 

 and , is investigated in solution and gas phases. Conformations are generated at 30-

degree intervals starting at the origin of the energy map by minimization with restraints. 

Conformational energies for the GBEMP model in solution- and gas-phase are shown in 

Figure 4.2, compared with corresponding energies from all-atom model using the 

OPLSAA field [18]. The energy surface of the GBEMP model is smoother than that of 

the all-atom model as a consequence of coarse-graining. Nonetheless, the overall features 

of the CG gas phase energy maps are in fair agreement with the corresponding map of the 

atomic OPLSAA force field. Moreover, solution phase energy maps are in excellent 

qualitative agreement between the GBEMP and atomic force field. The agreement 

between solution phase energy maps is better than that of the gas phase maps and is 

expected since both are designed to describe solution phase properties. This is 

encouraging as the CG torsional parameters were only fit to the OPLSAA energy in 

solution. In addition, the solution-phase minima for alpha-helix, beta-sheet, as well as the 

less stable left-handed alpha-helix conformations are well manifested in the energy map.  

When compared to the gas-phase electrostatic energy (Figure 4.3 b and e), the 

solvation energy contribution (Figure 4.3 c and f) clearly compensates the electrostatic 

interactions in gas-phase. This observation, true for both all-atom (OPLSAA) and the 

current CG potentials, is consistent with the physical interpretation that when secondary 

structure forms, intramolecular hydrogen bonds replace the hydrogen bonds between 

peptide and surrounding water.  

We further compared the energy components of the coarse-grained GBEMP 

model with OPLSAA. A decomposition of the non-bonded interactions indicates that 

steric interaction given by the Gay-Berne function in the GBEMP model resemble that 
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given the atomic vdW interaction energy of the OPLSAA force field over the 

Ramachandran map (Figure 4.3 a and d), including the scale. Likewise, contour maps of 

the gas-phase electrostatic energy (Figure 4.3 b and e), as well as the implicit solvation 

energy (Figure 4.3 c and f), show good agreement between the coarse grain and the all-

atom results. Although the overall scales are different, the two components seem to 

mostly cancel each other as discussed above. As a result the total energy minimum at the 

alpha-helix conformation mostly arises from the vdW contribution (Figure 4.3 a and d).  

A comparison of the torsional energy contribution (see Appendix) between the CG and 

all-atom models also expresses a consistent behavior. The gas-phase conformational 

energy captures the C5 local minimum well[19]. However, the C7eq and C7ax minima 

have drifted slightly from the all-atom conformations. This may be due to the torsional 

energy contributions since their parameters were fit to the condensed-phase energy map. 

However, as with other all-atom fixed-charge models, transferability between gas- and 

solution-phase requires the inclusion of polarization effect. 

4.3.4 Simulation of Polyalanine  

The conformation of polyalanine with various lengths has been investigated with 

both experimental and computational approaches [17, 20-33]. To compare the GBEMP 

model with experiments and all-atom MD simulations, we investigated the blocked 5-mer 

polyalanine using GBEMP model in MD simulations. The aforementioned Generalized 

Kirkwood implicit solvent was utilized. The replica exchange molecular dynamics 

(REMD) [34] was performed to elucidate the conformational distribution of the 5-mer 

polyalanine. Thirty replicas were used between 298 and 800K and the simulation time for 

each replica was 200 ns. The distribution of and angles for all residues is shown in 

(Figure 4.4 a). Three dominant populations were observed: alpha-helix (  

 

160 20   
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and ), beta-strand (  and ; or  

and ), and left-handed helix (  and ). The 5-mer 

polyalanine conformations observed are comparable with all atom simulation results 

(Table 4.1). Although circular dichroism (CD) spectroscopy and Fourier-transform 

infrared (FTIR) experiments reported somewhat less alpha-helix conformation [33], the 

distributions sampled from MD simulations using all-atom force fields seem to be in 

qualitative agreement with what we obtained from the GBEMP simulations. Moreover, 

since the GBEMP model was developed based on interactions of all-atom force fields, it 

is reasonable for the model to behave consistently with all-atom simulation. Additionally, 

the population of full alpha helices, in which  and  angles of all five residues adopt 

the alpha-helical conformation, occurs at 4.62%, in comparison with 8% and 1% 

observed in all-atom simulations using CHARMM and Amber03 force field, respectively 

[33]. 

To study the effects of chain-length, a 12-residue polyalanine system was 

simulated using REMD with 30 replicas and 500 ns for each replica. Residue-level 

conformational distributions observed were 42%, 4.3%, and 21%, for alpha-helix, beta-

strand, and left-handed helix conformations, respectively. Although the beta-strand 

conformation exhibits a minima in the conformational energy landscape (Figure 4.2 a, 

c), a substantial (5-fold) decrease in the beta-strand distribution compared to the 5-mer 

polyalanine suggests that the hydrogen bonding scheme provided by the alpha-helix 

conformation stabilizes the 12-mer polyalanine. Additionally, simulated annealing MD 

simulations were performed to inspect the minimum-energy structure of the peptide after 

an initial rigid-body energy minimization. The systems were heated to 1,000 K within the 

first 50 ps and then cooled linearly to less than 1 K over 60 ns. Final polyalanine 

structures after simulated annealing all adopt the alpha-helical conformation at low 

120 50   180 90    50 240  160 180 

110 180  20 160  50 120  
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temperatures and a comparison of the RMSD between structures obtained from the 

simulated annealing trajectory and a canonical alpha-helix suggests that the accessible 

area of phase-space noticeably increases as the temperature rises above 500 K (See 

Appendix). 

Furthermore, MD simulations of a few microseconds were performed at room 

temperature to verify the convergence of the conformational space determined by the 

GBEMP/REMD. These simulations started with different initial structures, including the 

extended conformation, alpha helix, and partial alpha-helical and beta-strand 

conformations. The torsional distribution sampled from the GB-EMP MD simulation (6 

μs for 12-mer and 2 μs for 5-mer) at 298K is in agreement with the REMD 

conformational map (See Appendix). 

4.3.5 Computational Efficiency of the GBEMP Model 

The GBEMP model provides a great improvement in the performance of 

molecular modeling. Due to the reduction of particle numbers and larger time-steps, the 

computational efficiency is enhanced by a factor of 50 – 800 compared to all-atom 

models tested with implicit and explicit solvent in this study (Table 4.2). Furthermore, the 

absence of high frequency motions, as required by all-atom models, allows time steps of 

up to 5 fs in MD simulations. Therefore, the CG model can achieve an improvement of 

about three orders of magnitude in the simulation speed and enable studies of large 

systems or extended simulation times from nanoseconds to microseconds. 

4.4 CONCLUSIONS 

A unique coarse-grained GBEMP (Gay-Berne potential with electrostatic 

multipole) model has been developed based on the general physical principles of 

molecular interactions. The GBEMP potential explicitly represents the fundamental 
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components of intermolecular forces. The van der Waals interaction is described by 

treating molecules as soft uniaxial ellipsoids interacting via a generalized anisotropic 

Gay-Berne function. The charge distribution is represented by off-center multipoles, 

which are composed of point charge, dipole, and quadrupole moments. The Generalized 

Kirkwood method and the ACE surface area method are used to calculate the polar and 

nonpolar solvation energy, respectively [2, 15]. The coarse-grained GBEMP model has 

been implemented in the TINKER modeling package capable of rigid-body molecular 

dynamics simulation. The replica-exchange method is implemented to enhance sampling. 

The CG parameters are calibrated using all-atom force field (AMOEBA and OPLS-AA) 

and extension to other molecular systems is straightforward. Most importantly, there is no 

need for constant re-parameterization when applied to different environments. We tested 

the CG model on the alanine peptides of various lengths. The results show that the model 

and parameters can be directly transferred from gas phase to solution (with implicit 

solvent model), and from dialanine to polyalanine of different lengths. For the first time, 

we show that the individual energy components in the coarse-grained model, including 

vdW, electrostatics, solvation and torsional energy contributions, match closely with 

those of all-atom force fields, in both gas-phase and solution. REMD and room-

temperature MD simulations of 5-residue and 12-residue polyalanines predict reasonable 

alpha-helix and beta-sheet distributions in comparison with all-atom simulations and 

experiments. Due to the reduction of particle numbers and larger time-steps, the 

computational efficiency is enhanced by a factor of up to 1,000 compared with all-atom 

simulations. The coarse-graining potential presented in this study can be extended to 

various biomolecular systems and even combined with all-atom potential in multiscale 

applications. 
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Table 4.1: Per-residue conformational distributions of 5-mer polyalanine from 

experiments and all-atom simulations. 

Conformation CD
a
 FTIR

a
 

All-

atom
a,b

 

CHARMM 

27/cmap
b
 

OPLSAA/L
b
 GBEMP 

alpha-helix 
13±

3%  
13±5% 

4% - 

60% 
a
 

57.5% 32.8% 46% 

beta-strand N/A N/A 
9.8% - 

55.5% 
a
 

19.8% 32.0% 28% 

a
 Hegefeld, 2010 distributions from experiment and various force fields. 

b
 Best, 2008 distributions of various force fields 

 

Table 4.2: Comparison of computational efficiency of GBEMP model. All simulations 

were performed in TINKER package. The time step is 1 fs for all-atom simulations and 

5fs for GBEMP simulations. 

 GMEMP  Amber 99SB with 

implicit water  

Amber 99SB with 

TIP3P water  

5-mer polyalaine ~290 ns/day ~5.3 ns/day ~0.34 ns/day 

12-mer 

polyalaine 

~122 ns/day ~2.4 ns/day ~0.15 ns/day 
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Figure 4.1: Representation of dialanine coarse-grained GBEMP model. Ellipsoids 

encompass the rigid bodies (green) that contains Gay-Berne (blue) and multipole (red) 

interaction sites. The Gay-Berne particles are located are at the center of the mass of the 

corresponding atoms.  
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Figure 4.2: Total conformational energy (kcal/mol) of alanine dipeptide: (a) CG model in 

solution, (b) CG model in gas-phase, (c) all-atom model (OPLSAA) in solution, (d) all-

atom model (OPLSAA) in gas-phase. 
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Figure 4.3: Decomposition of alanine dipeptide energy (kcal/mol). Coarse-grain: (a) 

Gay-Berne energy  (b) Gas-phase electrostatic energy  (c) implicit solvation energy from 

GK/SA. All-atom: (d) vdW energy (e) Gas-phase electrostatic energy (f) implicit 

solvation energy from GB/SA. 
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Figure 4.4: Conformational distribution of 5-mer (a) and 12-mer (b) polyalanine from CG 

REMD simulations. 
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5 Correlation of RNA Secondary Structure Statistics with 

Thermodynamic Stability and Applications to Folding 

5.1 INTRODUCTION 

Stochastic grammar-based models[1-4] have been used as a non-physical-based 

method to model RNA. Do et al. developed, a method that maximizes the expectation of 

the objective function related to the accuracy of the prediction[5]. Although this 

knowledge-based approach has only recently been applied to RNA, there has been an 

increased effort to apply statistically derived potentials to the prediction of RNA 

structure. A few years ago, Dima and coworkers[6] extracted RNA structural statistics 

from experimentally determined high-resolution structures from the Protein Data Bank to 

attain PDB-derived potentials for consecutive base-pairs in helices[7]. Statistics of the 

tertiary interactions in the three-dimensional structures of RNAs in PDB were not 

determined due to the complexity and uncertainty of the sets of nucleotides to study. 

They determined, to a first approximation, that the structural potentials derived from the 

base pairings in the secondary structure of experimentally determined 3D structures are 

similar to those energy values determined experimentally by Turner and collaborators. 

Recently, Das et al. developed a Rosetta-like scheme to predict tertiary structure 

of small RNA sequences of ~30 nucleotides[8]. In their scheme, a statistical potential is 

inferred from the distance and angle distributions of base-pairs in the ribosome crystal 

structure, following the method by Sykes and Levitt[9]. Parisien[10] et al. predicts the 

secondary and tertiary structures of short RNA molecules with the statistics of nucleotide 

cyclic motifs using the dynamic programming Waterman-Byers algorithm. Recently, 

Jonikas et al developed a coarse-grain nucleotide based model to effectively predict 

structure[11]It has been appreciated since the first few tRNA sequences were determined, 

that different RNA sequences with similar function can form a similar secondary and 
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tertiary structure[12, 13] Comparative analysis of tRNA sequences revealed the classic 

cloverleaf secondary structure[14] and parts of the three-dimensional structure[15]. 

Comparative analysis has also revealed other RNA secondary structures that are each 

similar to different sets of RNA sequences with similar functions. This list includes 5S 

rRNA[16], 16S rRNA[17-19], 23S rRNA[20-22], RNase P[23], and group I and II 

introns[24-26]. Covariation and other comparative analysis have the potential to be 

extremely accurate when there are a sufficient number and diversity of properly aligned 

sequences. For the rRNA, 97-98% of the base-pairs predicted with covariation analysis 

were present in the high-resolution crystal structure of the ribosome[27]. 

5.2 METHODS 

5.2.1 RNA Comparative Structure 

The RNA molecules - 5S rRNA, 16S rRNA, and 23S rRNA are available for 

different phylogenetic groups from the rCAD database. The rCAD database is 

implemented in the Microsoft SQL Server, a relational database management system. 

Analysis performed on rCAD can be accessed online at the Comparative RNA Web Site 

CRW) at http://www.rna.ccbb.utexas.edu. The rCAD system stores over 50 000 RNA 

sequences, 1746521 nucleotides, and comparative structures. We have rich information 

on base-pair stack statistics of 319 Bacterial 16S rRNA sequences, 650 tRNA sequences, 

263 Eukaryotic 5S rRNA sequences, and 96 Bacterial 5S rRNA. Sequences of the above 

molecules are available from all phylogenetic domains including Eukaryote, Bacteria, 

and Archaea. Sequences with similarity of greater than 97% have been pruned to 

eliminate duplicates. We assume an ensemble of good distribution[28]. The ribosomal 

RNA is studied for its rich structural diversity, its functional abilities and for its well-

conserved qualities within phylogenetic domains. The secondary structures of all 

http://www.rna.ccbb.utexas.edu/
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sequences are evaluated from comparative analysis[12, 13, 20, 29] and statistical 

potentials based on these structures have been reported[30]. Structural motifs such as 

base-pair stacks, hairpin flanks, hairpin loops, internal loops, multi-stem loops, and 

bulges are stored in tables within the SQL Server.  

5.2.2 Base-pair Stack Statistical Energy 

Statistics of base-pair stacks found via comparative analysis have been collected 

to calculate statistical energies. A base-pair stack is denoted AB/CD where AB and CD 

are base-pairs, and A and D are on the 5' ends of the stack. For example, the UA/GC 

base-pair stack is identified in Figure 5.1A. The sample size of base-pair stacks obtained 

from sequence analysis is three orders of magnitude greater that those obtained from 

crystal structures[6]. In addition to containing a larger sample size than the set of crystal 

structures, sequence data contains a greater diversity spanning a larger portion from the 

phylogenetic tree of life and, hence, a more complete ensemble. Statistics were obtained 

by counting base-pair stacks composed of canonical Watson-Crick (CG and AU), and 

GU base-pairs and have been previously reported [30]. 

Statistical energies are calculated from base-pair stack statistics: 
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The indices i, j, k, l represent any of the nucleotides A, C, G, or U. We define 

NST(ij,kl) as the number of base-pair stacks composed of ij and kl. The total number of 
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base-pair stacks is NST. The delta function ij,kl is equal to 1 if ij=kl and 0 otherwise. Pi is 

the probability of occurrence of nucleotide i. The scaling factor, , is determined by 

setting )},(min{/)},(min{ )( rspqGklijG ST

Turner

ST , where the numerator is the minimum 

experimental base-pair stack energy[31] and the denominator is the minimum base-pair 

stack statistical energy. Any statistical energies that are higher than the corresponding 

maximum experimental value are set equal to the maximum experimental value. 

Equations (6) –(8) are used as a common treatment of base-pair stacks where 

symmetric base-pair stacks such as UA/CG (Figure 5.1A) and CG/UA (Figure 5.1B) are 

considered to be equivalent. For example, the base-pair stack indicated in Figure 5.1A 

and Figure 5.1B are degenerate since the same nucleotides are on the 5’ end of the 

strands (namely U and C) while A and G are on the 3’ end of the strands in both figures. 

These two rotated configurations are commonly considered to be equivalent and their 

statistics would be the average of the two conformations. However, such treatment may 

not accurately represent the distribution of base-pair stack configurations and asymmetry 

of directionality of RNA structures, such as the consideration of individual nucleotides 

that are immediately 5’ and 3’ to a hairpin loop. Hence, we will investigate the 

asymmetric statistical energy as well. Only slight modifications are needed to equation 

(7) by eliminating the sum and equation (8) by eliminating the delta function. The 

statistical energy is normalized by the reference state, P
(rand)

, calculated from the 

probability of finding each individual nucleotide in the sequences of a given molecule. 

We have developed molecule-specific energies by sampling sequences that are 

specific to particular molecules. For example, to evaluate tRNA-specific energies, we 

sample from the set of tRNA sequences. 
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5.2.3 Additional Statistical Energy Terms 

In addition to base-pair stacks, the energetics of other secondary structural motifs, 

although limited in Mfold, may be modified to further refine our free energy calculations 

and potentially improve folding results. Statistical potentials can be developed by 

identifying nucleotides at the ends of hairpin loops and nucleotides that flank those loops 

as shown in Figure 5.1C. We let i be the nucleotide in a base-pair that surround the 5’ end 

of the hairpin loop, j be the nucleotide on the 5’ end of the loop, k be the nucleotide on 

the 3’ end of the loop, and l be nucleotide in a base-pair (with nucleotide i) that surround 

the 3’ end of the loop. Then the free energy of hairpin flanks can be evaluated as follows: 
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The indices i and j represent any of the nucleotides A, C, G, or U. We define 

NHF(i, j) as the number of hairpins composed of nucleotides, i and j, surrounding the 

motifs. The total number of hairpin flanks is NHF. Pi is the probability of occurrence of 

nucleotide i. The scaling factor, , is estimated in a similar manner to the previous scaling 

factors by comparing the minimum value of experimental data[31] with the minimum 

value of GHF(i, j). Furthermore, hairpin flank statistical potentials are limited to the 

highest energy found in experimental results. 

Internal loops are unpaired nucleotides surrounded by helices as shown in Figure 

5.1D. Energy terms for internal loops are derived using nucleotides of the loops on the 5’ 

and 3’ strands as well as the base-pairs surrounding those nucleotides. Loops of different 
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lengths on each strand use a different energy function. For the example of internal loops 

with 2 nucleotides on the 5’ and 3’ ends, we evaluate the free energy of internal loops as:
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The indices i1 and i4 are the base-pairs around the internal loop on the 5’ end of 

the molecule. Indices i2, and i3 are the nucleotides consisting of the internal loop on the 

5’ end of the molecule. Indices j1, j2, j3, and j4 are the corresponding nucleotides on the 

3’ end of the molecule. We define NIL(i1, i2, i3, i4, j1, j2, j3, j4) as the number of internal 

loops composed of nucleotides, i1, i2, i3, i4, j1, j2, j3, and j4. Similarly, internal loops 

with 1 nucleotide on the 5’ and 3’ ends are evaluated as: 
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In this case, i1, i3, j1, and j3 are the surrounding base-pairs while i2 and j2 are the 

nucleotides of the internal loops. Finally, internal loops with 1 nucleotide on one strand 

and 2 nucleotides on another strand are evaluated as: 
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.

 

The nucleotides i1, i3, j1, and j4 are the surrounding base-pairs and the rest are 

the internal loops. The scaling factor, , was estimated similarly to the previous scaling 

factors by comparing the minimum value of experimental data[31] with the minimum 

value of GIL(i1, i2, i3, j1, j2, j3, j4). Note that  is uniquely calculated for each equation. 

Furthermore, hairpin flank statistical potentials are limited to the highest energy found in 

experimental results. All statistically derived energies can be downloaded and applied to 

the original Mfold program at http://biomol.bme.utexas.edu/~wuch/statistical_energies. 

5.2.4 Statistical Energy Derived from All-Sequence Dataset 

In addition to molecule-specific potentials, sequences from all molecules are 

combined to derive the all-sequence statistical energy that can potentially be applied to 

prediction. For base-pair stacks, we have directly combined all sequences from all 

molecules to derive the statistical energy. For hairpin flanks and internal loops, however, 

due to the limited occurrences in smaller molecules such as the 5S rRNA and tRNA, a 

different approach was used to combine the statistics from individual molecules. Hence, 

the all-sequence hairpin flank statistical energy and all-sequence internal loop statistical 

energy are derived by averaging the molecule-specific statistical energies from all 

molecules using Boltzmann weights: 
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For each structural element P, such as the base-pair stack and internal loops 

discussed above, the all-sequence statistical energy is a weighted sum of energies from 

each molecule i. 

http://biomol.bme.utexas.edu/~wuch/statistical_energies
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5.2.5 Evaluation of Statistical Potentials 

We applied different combinations of base-pair stack (BP-ST), hairpin flank (HF), 

and internal loop (IL) statistical energies (SE) to the Mfold program[31] developed by 

Zuker et al to test its ability to predict RNA folding. The Mfold program was also 

modified to utilize asymmetric BP-ST SE in energy calculations. Five sets of asymmetric 

SE were derived from tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, Bacterial 16S 

rRNA, and all sequences combined. Each set of SE utilizing BP-ST and BP-ST-HF-IL 

terms were used to fold each of the four molecules.  

In order to make performance comparisons of energy values, the number of base-

pairs of a structure predicted by Mfold that are in agreement with comparative sequence 

analysis[27] is divided by all base-pairs determined by comparative sequence analysis. 

Only canonical (Watson-Crick G-C, A-U, and G-U) base-pairs are counted. Although this 

performance measurement does not count erroneously predicted base-pairs, false 

positives affect the predicted structure and may preclude correct base-pairs from forming. 

This metric is simple and sufficient in evaluating the accuracy of folding. 

5.3 RESULTS AND DISCUSSION 

5.3.1 Correlation of Base-Pair Stack Statistical Energies and Experimental 

Thermodynamic Stability 

With comparative structural information, we have examined the base-pair stack 

statistics and their correlation with thermodynamic stability extracted from RNA duplex 

melting experiments[32]. Since statistically derived energies require a reference value to 

set the absolute scale, we normalized the lowest base-pair stack (BP-ST) statistical 

energies (SE) with the lowest BP-ST experimental value (See Material and Methods). We 

have computed molecule-specific BP-ST SE for tRNA (for amino acids A, D, E, G, I, L, 

M, F), Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA. A BP-ST SE 
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was also determined by combining all the sequences from the four datasets. In Figure 5.2, 

we plot the statistical energy against experimental data. The correlation coefficient and 

standard deviation of difference between SE and experimental values for each BP-ST are 

reported in Table 5.1. The highest correlation coefficient (0.870) between the statistical 

and experimental free energies is found for Bacterial 16S rRNA, followed closely by 

Eukaryotic 5S rRNA (0.857) and tRNA (0.833). The statistical energies for Bacterial 5S 

rRNA is the least correlated with experimental stability (0.477). More than 80% of the 

nucleotides in the all-sequence dataset are from  Bacterial 16S rRNA,  thus the calculated 

BP-ST SE is biased by the Bacterial 16S rRNA.(Table 5.1). As a result, the correlation of 

the all-sequence base-pair SE with experimental stability is also high (0.86). The standard 

deviations for all-sequence base-pair stack SE, Bacterial 16S rRNA, Bacterial 5S rRNA, 

Eukaryotic 5S rRNA, and tRNA are 0.53, 0.51, 1.19, 0.68, and 0.99, respectively. In 

comparison, the PDB-derived base-pair stack energies have a correlation coefficient of 

0.78 with experimental stability (Figure 5.2F) and a standard deviation of 0.81 [6]. 

For comparison with experimental base-pair stack free energy we have used 

symmetric SE for correlation calculations. Hence, 5’ and 3’ directionality are equivalent, 

e.g. GC/CG and CG/GC are considered to be the same structure. However, asymmetric 

SE, in which 5’ and 3’ directions are differentiated, will be used to study the folding 

applications of BP-ST SE. Overall the statistics of base-pair stack frequency show a good 

correlation with experiment. However a few, base-pair stacks differ more significantly. 

One of them involves consecutive UG base pairs. The UG/GU base-pair stack statistical 

energy (SE) from the Bacterial 16S rRNA(-1.0 kcal/mol) and all molecules (-0.82 

kcal/mol)(See Appendix Tables S 2.4 and S2.5) datasets are much lower than that used 

by Mfold (-0.5 kcal/mol). However, the value for that base-pair stack in Mfold has been 

adjusted from the experimental value of 0.47 kcal/mol[31].  Additionally, the 
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experimental stability of UG/GU has the largest error (0.96 kcal.mol) among all the base-

pair stacks since only one duplex containing the UG/GU was measured which was 

insufficient for linear regression[31]. The statistical potentials for the UG/GU base-pair 

stack  derived from PDB structures also varied significantly from the experimental 

energy values[6]. 

The largest discrepancy between the all-sequence SE and experimental stability is 

for the UG/UG (-1.23 kcal/mol) and GU/GU (-0.12 kcal/mol) base-pair stacks (Appendix 

Table S 2.5). The corresponding experimental energy for UG/UG is 0.30 kcal/mol and 

GU/GU is 1.30 kcal/mol (Appendix Table S 2.12).  As noted earlier, the statistical energy 

for these are significantly different from the experimental data[31]. The UA/AU base-pair 

stack statistical energies (Appendix Tables S 2.1 – S 2.5) are all consistently below -2.3 

kcal/mol and differ from the experimental value by more than 1 kcal/mol. This indicates 

that UA/AU base-pair stacks occur more frequently in these RNA molecules than 

suggested by the stability derived from duplex melting experiment. The GC/GC and 

GC/CG base-pair stacks determined from calorimetric experiments are the most stable 

structures with the stability of the former being slightly lower than the latter by 0.1 

kcal/mol.  However, the lowest (i.e. most stable) base-pair stack SE is GC/CG for the all-

sequence, Bacterial 16S rRNA, and Bacterial 5S rRNA datasets. The difference between 

the SE of the GC/CG base-pair stack for each aforementioned datasets (Appendix Tables 

S 2.3 – S 2.5) and the corresponding experimental value (Appendix Table S 2.12) is 0.9 

kcal/mol on average. The GC/GC BP-ST SEs do not immediately follow GC/CG in terms 

of stability. The PDB-derived potential[6] GC/CG base-pair stack minimum agrees with 

that of our BP-ST SE. 

Overall, base-pair stack SE derived from comparative sequences analysis show a 

better correlation with experimental free energy[33] than the PDB-derived potentials. 
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However, noticeable differences exist between SEs of different phylogenetic domains, 

which concur with experimental observations. For example, although the Escherichia coli 

loop E of Bacterial 5S rRNA and Spinacia oleracia of Eukaryotic 5S rRNA are found to 

be isosteric and are able to bind to the same L25 protein, they show substantial 

differences of stability in various ionic conditions[34]. In addition, sequences of RNA 

molecules have been confirmed by Kiparisov et al to be highly specific and optimized 

through evolution as only 7 alleles in Saccharomyces cerevisiae 5S rRNA are found to be 

viable[35]. The high correlation indicates that the distribution of base-pair stacks in three 

out of the four molecule specific datasets, or when combined, is Boltzmann-like. The 

agreement is rather remarkable especially given that the experiments were performed on 

isolated duplexes while the statistics were collected from biological sequences, which 

also represents tertiary contacts and many other factors in the cell. For example, 

structural studies have supported that hairpin loops can be stabilized by tertiary 

interactions that are not considered in the oligomer experiments[36-38]. 

5.3.2 Application of Statistical Energies to Folding 

We investigated the ability of the statistically derived energies of BP-ST, hairpin 

flanks, and internal loops to improve the prediction of an RNA’s secondary structure. We 

incorporated our statistical-energies in place of those energy parameters determined 

experimentally in the Mfold program. Statistical energy (SE) derived from the molecule-

specific and the all-sequence datasets are utilized within Mfold to predict the secondary 

structure for tRNA, Eukaryotic rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA.  

Similar to previous studies[31], the folding accuracy is evaluated by comparing 

base-pairs that are accurately predicted by Mfold with base-pairs determined by 

comparative sequence analysis[27] (details in Methods Section 5.2.5). Although Mfold 
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determines the optimal (most stable) structure and a set of sub-optimal secondary 

structure models, the structure with the lowest energy was used in our analysis for folding 

accuracy. Furthermore, the experimental energy values were obtained from 

oligonucleotide duplexes where base-pair stacks have no directionality. However, the 

anisotropic nature of a base-pair stack is apparent when, for example, it is adjacent to a 

hairpin loop.  Thus, equation (6) and its corresponding modifications were used to 

evaluate symmetric and asymmetric BP-ST energies for folding accuracy. As shown in 

Appendix Tables S 2.6 – S 2.10, asymmetric SE offered slightly better folding results 

overall and will be used in the folding evaluation. Figure 5.4 provides the accuracy of 

folding tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, Bacterial 16S rRNA, using BP-

ST SE derived from each molecular and phylogenetic dataset and the all-sequence 

dataset. The accuracy in secondary structure prediction is either improved or remains the 

same when the SE derived from each dataset is applied to the sequences within the same 

dataset. For example, when tRNA-specific SEs are used in place of the experimental BP-

ST energies to fold tRNA sequences, the accuracy improved from 0.70 to 0.79. The 

improvement in the prediction accuracy is more significant for Bacterial 5S rRNA; 0.74 

vs. 0.63 for SE and experimentally derived energy values. However, for other datasets 

(e.g., Bacterial 16S rRNA and Eukaryotic 5S rRNA) the prediction accuracy was similar 

between the molecule-specific SEs and the experimentally derived energy values. The 

prediction accuracy usually decreases when the BP-ST SE determined from one 

molecule/phylogenetic dataset is utilized to predict the secondary structure for another 

dataset. And last, prediction accuracy for the SE derived from all-sequence dataset or the 

Bacterial 16S rRNA is similar with the experimentally determined energy values. These 

results indicated that, the statistics of base-pair stacking in these two datasets is indeed 
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Boltzmann like, and the statistically derived energy is as reliable as the experimental 

measurements. 

5.3.3 Extension of Statistical Energies to Hairpin Flanks and Internal Loops 

Our analysis has shown some improvement in the prediction of RNA secondary 

structure helices from the structural statistics of consecutive base pairs within a helix. 

About 66% of the nucleotides in an RNA structure predicted with covariation analysis 

form a base pair. And the vast majority of these are G:C, A:U, and G:U pairings that 

occur within a regular helix. The remaining third of the RNA secondary structure form 

hairpin, internal, and multistem loops. However, an analysis of the three-dimensional 

structure and our growing knowledge about the variety of structural motifs that occur in 

RNA structure provides a foundation to improve the accuracy in the prediction of an 

RNAs secondary and even tertiary structure.  

The majority of these unpaired nucleotides in the secondary structure are base-

paired with non-canonical pairing types and conformation[39] . And nearly all of the 

nucleotides in the rRNA high-resolution structure are stacked onto another nucleotide. 

While the majority of these stackings are formed between adjacent nucleotides that are 

base-paired, a significant number of nucleotides that are stacked are not base-paired or 

consecutive. 

Towards that end, Lee, Gardner, and Gutell (manuscript in preparation) have 

identified and characterized a set of different types of base stackings at the ends of 

helices that add stability to the helix and potentially protect the ends of the helix while 

bridging the ends of regular helices with different structural motifs that occur in the 

hairpin, internal, and multistem loops in an RNA secondary structure. Many of these 

helix cappings are associated with numerous structural motifs that have been identified 
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and characterized for their chemical structure and energetic properties. One example, the 

UAA/GAN motif[40] has several non-canonical base pairs and unpaired nucleotides that 

form a longer co-axial stack that bridges the two flanking helices. Another example, the E 

loop and the E-like loop have been well characterized[41, 42] and also contain several 

non-canonical base pairs that form a contiguous stack onto the regular secondary 

structure helix. 

 While the current thermodynamic based folding algorithms consider these 

unpaired regions of the secondary structure to be destabilizing, as stated earlier, it is 

known that base stacking contributes more to the overall stability of the RNA structure.  

While our longer term objectives are to determine the structural potentials associated with 

all of the structural motifs in the unpaired regions of the secondary structure, for this 

paper we only determine those structural potentials that can be utilized within the Mfold 

program. 

The statistical energies for hairpin flanks (HF) and internal loops (IL) have been 

evaluated and utilized in the prediction of an RNA secondary structure with Mfold. HF 

and IL SE are computed according to equations (9), (12), (14) and (15). The statistical 

energies for HF, IL (1x1, 1x2, 2x2, and flanks) are available in Appendix Tables S 2.16 – 

2.20, respectively. The minimum and maximum SE values were calibrated with those 

determined in experiments[31]. Statistical energies are derived with comparative 

structures from several RNA datasets: tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, 

and Bacterial 16S rRNA. All-sequence SE is obtained from the Boltzmann-average of the 

individual datasets since the occurrences of HF and IL are sparse in structures. We then 

replaced the energy values for HF-IL in Mfold with the corresponding SE, and set the rest 

to maximum experimental energy values. 
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We compare the SE of those motifs from the all-sequence dataset with the 

corresponding free energy obtained from experiment. Hairpin flanks yield a low 

correlation with experiment (0.5132) which is computed from SE in Appendix Table S 

2.16 and experimental values from Mathews work[31]. We analyze the differences  in SE 

values between  each of the datasets. SE values are only shown for the Base-pair/hairpin 

flanks that occur within each dataset.  The arrangement of the nucleotides is described in 

the following example. The hairpin flank denoted GC-AC,  as illustrated in Figure 5.1C, 

is composed of a GC base-pair at the end of a helix and the A is an unpaired nucleotide 

flanking the paired G and the C is an unpaired nucleotide flanking the paired C. These 

nucleotides correspond to the first two - columns of the Appendix Table S 2.16. With six 

types of helix ending base pairs (GC, CG, etc.) and 16 possible unpaired flanking pairs 

(AA, AC, AG, AU, etc.), 96 possible BP/HF flanks are possible. Of the 55 observed, 27 

occur in only one dataset (excluding the all-sequence dataset), 16 occur in two datasets, 

nine occur in three datasets, and  three occur in all four datasets.  

The most pronounced patterns are: 

 The hairpin flanking nucleotides that are associated with the most helix ending 

base pair types is GA, occurring with six different base pairs, followed by CA,  

UC and UU that both have four different helix ending base pairs. 

 The vast majority of the most stable helix flanking nucleotides in hairpin loops 

are GA, UC, UU, and CA with most helix ending base pair types.  

 The other very stable BP/HF nucleotide sets that do not have a GA, UC, UU, or 

CA hairpin flank are: CG/AA; CG/AC; GC/AC; GC/AG; UA/UA; CG/UG. 

Several of these BP/HF sets are associated with known tetraloops, although not 

exclusively. For example, CG/UG is associated with one of the most stable statistical 

energies occurs frequently in numerous RNA molecules with the sequence C(UUCG)G; 
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This motif has been determined to be very stable[43, 44] . Many but  not all of the family 

of BP/HF nucleotide sets with a GA hairpin flank are associated with the GNRA 

tetraloop[43, 45]. The closing base pairs of these tetraloops were investigated 

experimentally and generally consistent with our statistical energies for the BP/HF[46]. 

Some of the other GA BP/HP are associated with hairpin loops with six nucleotides. Two 

experimental studies revealed that the G and A in the hairpin flank form a base pair with 

a sheared conformation[47, 48]. 

A previous study revealed that many helices in the ribosomal RNAs have an AA 

or AG flanking the end of the helix in the unpaired region of the secondary structure[36]. 

This analysis revealed that all of the GA flanks associated with a hairpin loop form a base 

pair.  Two of the three most stable BP/HF statistical energies have a helix ending CG 

base pair and a AA (-2.81) and GA (-2.8) flank (the statistical energy for the most stable 

BP/HF - AU/UC is -2.87). An experimental study revealed that the hairpin flank GA is 

more stable than AA for a hairpin loop with the same intervening four nucleotides[49]. 

We anticipate that the accuracy of the prediction of an RNA secondary structure will be 

further enhanced once we associate the BP/HF statistical energies with the size and 

sequence of the hairpin loop. 

The 1x1 IL-SE has a low correlation with experiment (0.18) as computed from 

Appendix Table S 2.17.  Two of the most stable BP/IL/BP 1x1 internal loops has a UU 

juxtaposition. The next most stable BP/IL/BP 1x1 internal loop has a GA juxtaposition. 

The UU juxtaposition in the 1x1 internal loops occurs with eight different sets of base 

pair types that flank both sides of the non-canonical set of nucleotides. Of these, five are 

considered more stable with statistical energy values > -1.0. The GA and AG 

juxtapositions in the 1x1 internal loops are both associated with seven different sets of 

flanking basepairs. However, while six of the seven GA’s have a stability greater than -
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1.0, only two of the AG’s have an energy value greater than -1.0. Five of the six UC 

juxtapositions have an energy value greater than -1.0 and all three of the CU 

juxtapositions have energy values greater than -1.0. While some of our statistical energies 

are similar to those determined with experiments, others are very different. For example  

the  UG/U-U/AU  (BP/IL/BP) loop statistical energy is underestimated (-1.59 kcal/mol) 

compared to the 1.7 kcal/mol obtained from experiment[31]. The AU/G-G/GC loop SE (-

0.45 kcal/mol) is also underestimated, compared with the -1.4 kcal/mol of experiment. 

No 1x1 IL (Appendix Tables S 2.17), were observed in the tRNA datasets we analyzed. 

The Eukaryotic 5S rRNA contains six and the Bacterial 5S rRNA has eight. All of these 

are considered stable (energy value greater than -1.0 and all have a different set of 

BP/IL/BP sequences).  

The number of occurrences of internal loops with one nucleotide on one side of 

the helix and two on the other is low. None were present in the tRNA and two 5S rRNA 

datasets analyzed. Seven were present in the Bacterial 16S rRNA.  Of the nine 1x2 

internal loops, 24 of the 27 nucleotides are a purine.  The correlation between the 1x2 IL-

SE (0.11) with experiment is low;   The largest underestimation of SE is for the GC/A-

AA/AU  loop (0.31 kcal/mol) compared with experiment (3.2 kcal/mol). 

Twenty five different 2x2 internal loops with unique sets of nucleotides within the 

internal loop and the two base pairs that flank the internal loop occur in the Bacterial 16S 

rRNA dataset. These 2x2 internal loops are not in the tRNA and 5S rRNA datasets 

analyzed here. Of the 25 different 2x2 internal loops, nine of them have tandem GA/AG 

internal loop, four have the tandem AA/AG IL, four more have the GA/AA IL, and two 

have the AA/AA IL. In total, 19 have one of the 2x2 internal loops that form a unique 

structural motif family[50]. The G in the GA juxtaposition can be replaced with an A and 

still maintain the same sheared conformation in many of the tandem GA motifs.  
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Experimental studies revealed an association between the base pairs that flank the tandem 

GA 2x2 internal loop[51] The 2x2 internal loop in three of the 27 BP/2x2 IL/BP is 

UU/UU. Tandem UU mismatches have been studied experimentally and are stable in 

some structural environments[52]. The 2x2 IL-SE has a low correlation with experiment 

as well (0.08). The AU/AA-AG/GC   loop is underestimated with -4.70 kcal/mol while 

experiment has 1.00 kcal/mol. 

While the SE values determined from the nucleotide frequencies of consecutive 

base pairs are similar to and sometimes slightly better than  the experimentally 

determined energy values for the same consecutive base pairs, the incorporation of 

hairpin flank and internal loop SE terms significantly increase the accuracy of the 

prediction (Figure 5.5). Using all statistical energies (base-pair stack, hairpin flank, and 

internal loop), we attain an increase in folding accuracy from 0.70 to 0.89 in tRNA, from 

0.72 to 0.84 in Eukaryote 5S rRNA, from 0.63 to 0.88 in Bacterial 5S rRNA, and from 

0.49 to 0.56 in Bacterial 16S rRNA. The substantial improvement suggests that the 

structural elements, by themselves and/or coordinated with the ends of the secondary 

structure helix stabilizes the higher-order structure of the RNA molecule. The statistical 

energies for the hairpin flank contributed more to the improvement in the prediction of an 

RNA secondary structure than for the internal loops and base-pair stacks.  In particular, 

while the folding accuracy increased from 0.70 (for experimental energy values) to 0.89 

(for all statististical energies), statistical energies for only internal loops increased the 

accuracy to 0.78, while statistical energies for only hairpin flanks increased the accuracy 

to 0.85. Accordingly, the folding accuracy of Eukaryotic 5S rRNA when only hairpin and 

only internal loop statistical energies are used are 0.79 and 0.74, respectively, in constrast 

with 0.72 (experimental) and 0.84 (for all statistical energies). However, statistical 

energies for hairpin flanks do not always contribute more than internal loop flanks to the 
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accuracy of the prediction of an RNA secondary structure.  The internal loop flank 

statistical energy increases the accuracy of RNA folding more than hairpin flanks for 

Bacterial 5S rRNA. This may be due to the small sampling of the molecule. While the 

improvement in the folding accuracy with HF SE is  not as significant for Bacterial 16S 

rRNA, the overall improvement does occur. This observation emphasizes the significance 

of hairpin flanks to RNA structures. 

While internal loops within 5S rRNA ranges from 1 – 8 nucleotides in length and 

16S rRNA range from 1 – 12 nucleotides in length,  only energies for internal loops of 

lengths with less than four nucleotides can be utilized by Mfold. As a result, the statistical 

energy contributions  for  the longer internal loops are not used. Similarly, Mfold has 

energy functions based on the length and nucleotide composition of hairpins and yet 

cannot assign an energy contribution for specific hairpin loops with more than 4 

nucleotides. This is particularly important since tRNA are mainly composed of loops of 

lengths 7 and 8, while 5S rRNA are composed of hairpin loops that are longer than 4 

nucleotides as well. Hence, the inclusion of energy parameters  for larger hairpin loops in 

to the folding algorithm should increase the prediction accuracy. Although bulge loops 

are known to be important to the stability of RNA, the simple model that only accounts 

for the length of the loop to be used as input to evaluate energy does not lend itself to 

much improvement when statistical methods are applied. Additional development of 

Mfold would be needed to incorporate statistical energies of bulge loops. Furthermore, 

many unpaired nucleotides in an RNA’s secondary structure participate in tertiary 

interactions to further stabilize the structure[53-56]. Information on such interactions may 

be needed to determine loop energies. In addition, a special bonus is used by Mfold when 

empirical results deviate from the general rules. For example, hairpin loops are checked 

for a special GU closure and given a bonus[31]. Due to these limitations, a new 
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framework beyond the current Mold is necessary to utilize the statistical energies that can 

be evaluated from comparative structures. 

While the statistical energies derived from one molecular/phylogenetic dataset 

have the potential to significantly improve the prediction accuracy for sequences in the 

same dataset (i.e. self-folding), we expect the same set of statistical energies derived from 

numerous molecular RNA sequences that span the phylogenetic tree of life can be 

determined and utilized by an RNA folding algorithm to accurately predict the secondary 

structure for any RNA molecule.  

The accuracy of folding each molecule using statistical energies derived from 

molecule-specific and all-sequence datasets is shown in Figure 5.6. The statistical 

energies for BP-ST-HF-IF structural parameters for the all-sequence dataset did predict 

the secondary structures more accurately (~0.1) with Mfold than the experimentally 

derived energy values for tRNA, Eukaryotic 5S rRNA, and Bacterial 5S rRNA (tables or 

figures that substantiate this claim). The  improved accuracy for the Bacterial 16S rRNA 

dataset was  moderate (~0.05).  However, as  noted earlier, Bacterial 16S rRNA has a 

larger number of HF and IL structural elements that cannot be utilized by the current 

Mfold program. 

The use of hairpin flank and internal loop energies with base-pair stack energies 

will enhance the prediction accuracy for some self and cross folding, and decrease the 

prediction accuracy for other folding. For example, tRNA-specific BP-ST-HF-IL 

statistical energies increase the accuracy to 89% of the base-pairs in tRNA. However, the  

statistical energies derived from Eukaryotic and Bacterial 5S rRNA decrease the accuracy 

for sequences in the tRNA dataset to 0.62 and 0.65, respectively. This corresponds to a 

decrease by almost 0.3 when the SE values for a different molecule/phylogenetic dataset 

are used. However, when only BP-ST SE is examined (Figure 5.5), the difference in 



 109 

folding accuracy is about 0.1 between the tRNA-specific SE and SE from other 

molecules.  Similar trends are observed for other molecules. This is again due to the 

infrequent occurrences of secondary structures such as hairpin flanks and internal loops 

as opposed to BP-ST. It is possible that additional comparative structures from other 

molecules in the future would be helpful. Currently, it appears that Boltzmann average 

between molecular contributions is an effective approach to retain the “signals” and to 

derive a general SE for these motifs. 

5.4 CONCLUSIONS 

Statistical energies generated from structural statistics of sequences are found to 

agree with experimental. The statistical potentials of base-pair stacks achieve a 

correlation coefficient of ~0.9 between the energies derived structural statistics and the 

free energy values extracted from experiments. Statistics from individual molecules, such 

as Bacterial 5S rRNA and tRNA, express specificity, and to an extent, rigidity as Smith et 

al[40] have found nucleotides in Loop E, Helix I, and Helix IV that are lethal to 

Saccharomyces cerevisiae. However, statistics from a single molecule may not 

sufficiently represent the complete Boltzmann distribution of base-pair stacks due to 

biologically-driven biases as well as the small sample size of each small molecule as 

shown by the number of nucleotides in Table 5.1, although the sampling issue will 

improve as more sequences are aligned. Conversely, the dataset for Bacterial 16S rRNA 

has a vast sample size (slightly less than 1.5 million nucleotides) and, subsequently, 

represents a Boltzmann-like distribution.  

We further evaluated the SE for base-pair stack, internal loop and hairpin-flank by 

applying them in Mfold to predict the secondary structures. The statistical energies have 

been derived from sequences of individual molecules (molecule-specific) and all 
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combined (all-sequence). Molecule-specific base-pair stack energies improve folding 

accuracy for some molecules and have little effect on others, as compared to the 

experimental values used by original Mfold. Using all-sequence base-pair stack SE, we 

observe the accuracy of folding prediction to be comparable to that of free energy 

obtained experimentally. When SE for hairpin flanks and internal loops are included, we 

see dramatic improvements in the folding accuracy to 0.80, 0.79, and 0.77, and 0.53 for 

tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA, respectively. 

Much of the improvement in accuracy is due to the application of hairpin flank statistical 

energies. Since Mfold does not utilize energy parameters for structures such as internal 

loops that have more than 3 nucleotides, not all statistical energies can be employed. 

Overall, the prediction accuracy when utilizing the SE values from one dataset to 

the sequences in another dataset is worse than the prediction accuracy for the 

experimentally determined energy values. Consistent with our previous analysis, the 

results suggest that individual RNA molecules have insufficient HF and IL statistics for a 

Boltzmann-like distribution and cares need to be taken when combining the statistics 

from different molecules into general statistical energies. More importantly, we have 

demonstrated here that motifs beyond BP-ST are critical to a more complete 

understanding of RNA folding and to the refinement of folding algorithms. 
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Table 5.1: For statistical energies derived from sequences of each specified molecule, the 

number of nucleotides in base-pair stacks, correlation coefficient and standard deviation 

compared with experimental base-pair stack energies[31] are presented. The last row lists 

equivalent information for PDB-derived statistical potentials. 

 
Number of 

Nucleotides 

Number of 

Sequences 
Corr Coef Std Dev 

Bacterial 16S rRNA 1 468 052 319 0.870 0.507 

Bacterial 5S rRNA 34 443 96 0.477 1.194 

Eukaryotic 5S rRNA 95 778 263 0.857 0.677 

tRNA 148 248 650 0.833 0.988 

All-sequence 1 746 521 1328 0.862 0.525 

PDB-derived
b
 7424

c
 N/A 0.7764 0.8138 

a
Mathews, 1999 

b
Dima, 2005 

c
Number of bases in stacks 

 

 

 

Figure 5.1: Depictions of 4 secondary structures. (a) An example of a base-pair stack that 

is denoted UA/CG. (b) An example of a base-pair stack that is denoted CG/UA. (c) An 

example of a hairpin flank that is denoted GC/CA. (d) An example of an internal loop 

that is denoted GC/CG/AG/AA. 
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Figure 5.2: (a) Base-pair stack statistical energy (SE) derived from all-sequence dataset, 

(b) Bacterial 16S rRNA, (c) Bacterial 5S rRNA, (d) Eukaryotic 5S rRNA, and (e) tRNA 

versus free energy obtained experimentally for a given base-pair stack. (f) PDB-derived 

statistical potentials versus free energy obtained experimentally. Experimental values are 

in kcal/mol. 
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Figure 5.3:  (a) Base-pair statistical energy versus base-pair stack statistical energy with a 

correlation coefficient of 0.8743. (b) Stacking statistical energy versus base-pair stack 

statistical energy with a correlation coefficient of 0.0071. 

 

Figure 5.4: Each group of bars represents folding accuracy of (from left to right) tRNA, 

Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA. Within each group, 

each bar represents (from left to right) unmodified Mfold, base-pair stack SE derived 

using tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, Bacterial 16S rRNA, and all-

sequence dataset. 
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Figure 5.5: Each group of bars represents the folding accuracy of (from left to right) 

tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA. Within each 

group, each bar represents (from left to right) unmodified Mfold, base-pair stack SE, 

hairpin flank SE, internal loop SE, and all available SE (base-pair stack, hairpin flank, 

and internal loops). 

 

Figure 5.6: Each group of bars represents folding accuracy of (from left to right) tRNA, 

Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA. Within each group, 

each bar represents (from left to right) unmodified Mfold, base-pair stack, hairpin flank, 

and internal loop SEs derived using tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, 

Bacterial 16S rRNA, and all-sequence dataset. 
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6 Conclusions and Future Work 

At the scale of single atoms, the AMOEBA polarizable force field is capable of 

describing ions in gas-phase as well as liquid-phase without re-parameterization. 

Although a difference exists in the polarization energy of the monoligated Zn
2+

-water 

complex obtained by the AMOEBA model and QM calculations, which exhibits non-

classical covalent bonding as shown by ELF topological analysis, AMOEBA is able to 

compute the hydration free energy with less than a 2% error. Investigation of the 

interaction of a negatively charged species with Zn
2+

 would determine the requirement of 

an explicit charge transfer contribution. Nonetheless, calculations of hydration free 

energies, structure, and dynamic properties for a variety of single atom ions, such as Na
+
, 

K
+
, Cl

-
, Ca

2+
, and Mg

2+
 using AMOEBA agree exquisitely with experiment[1, 2]. The 

zinc model developed in this work enables the studies of zinc-containing metalloproteins. 

For small molecules, we have described a standard protocol to generate the 

AMOEBA force field parameters and have implemented the POLTYPE utility to 

automate this process. A clear and straightforward procedure is described for the 

parameterization process for the AMOEBA polarizable force field, although more 

sophistication is required than the parameterization of fixed-charge force fields. 

Properties calculated with the AMOEBA force field such as dipole moments, 

conformational energies, and interactions energies and show good agreement with 

quantum mechanics calculations for neutral as well as charged molecules. Parameters 

obtained in gas-phase are transferred directly to liquid-phase systems without 

modification. Hydration free energies (HFE) of neutral calculated with AMOEBA yield 

an RMS error of less than 1 kcal/mol for neutral molecules when compared to 

experimental values. Although the absolute error of HFE for salts containing charged 
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molecules are larger, the unsigned mean relative error is less than 3% the correlation 

coefficient is 0.95. Although the HFE RMS error of the neutral molecules in this study 

demonstrate improved solvation energies over fixed charge force fields, confirmation 

with a more extensive dataset continues to be necessary. Moreover, combined with 

enhanced sampling methods[3] using AMOEBA, POLTYPE enables a host of molecular 

mechanics applications for small molecules such as polymorph prediction, solubility 

calculations, crystal structure refinement, and protein-ligand binding energy calculations. 

The consistency of parameterizing small molecules for AMOEBA has been 

improved and the amount of time spent by a researcher has been drastically reduced as a 

result of POLTYPE. Yet it should be noted that the entirety of chemical is expansive and 

that the database definitions for parameters such as vdW, out-of-plane bend, and 

polarization will need to be added as fundamentally new functional groups are 

encountered. Localized bonds that are not in rings currently require specific input by the 

operator and implementation of an automatic identification would be convenient. 

Additionally, the requirement to perform highly accurate quantum mechanical 

calculations may be too computationally. Future work of parameterization for the 

AMOEBA force field would be to develop a “semi-empirical” method that would provide 

a more efficient method to assign multipoles. Precedence for such work has been in the 

application of bond-charge increment method[4] and the development of the AM1-BCC 

semi-empirical method[5, 6]. The AM1-BCC method has the advantage that it is able to 

maintain the molecular charge for ionic molecules. Essentially, AM1-BCC performs a 

least squares fit to a bond connectivity matrix that “corrects” AM1 charges by matching 

to electrostatic potentials around a training set of molecules. Although this method was 

used for assignment of partial charges, they can be generalized to assign dipoles and 

higher order moments. However, a method that corrects multipoles based on bonds 
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between two atoms may not yield appropriate multipole assignments. The bond order of 

all the bonds of an atom and perhaps the hybridization of all its neighboring atoms may 

be needed as input to the optimization. Various strategies will need to be explored, but 

fitting to electrostatic potential is a promising approach. As with the partial charge 

methods, care must be taken to maintain the correct charge of the molecule throughout 

the fitting process. Optimization methods with constraints such as Langrange multipliers 

may be applied to maintain the molecular charge. 

For the efficient modeling of macromolecules, a coarse-grained model based on 

fundamental intermolecular forces represented with Gay-Berne potential with 

electrostatic multipole (GBEMP) potentials has been developed. The GBEMP model has 

been substantiated with alanine peptides of various lengths and can be transferred from 

gas phase to an implicit solvent without the need for re-parameterization. Furthermore, 

predictions of alpha-helix and beta-sheet distributions via replica-exchange molecular 

dynamics (REMD) and room-temperature MD simulations of 5-residue and 12-residue 

polyalanines are compared with all-atom simulations and experiments. The 

computational efficiency of the GBEMP model is up to 1,000 times faster than all-atom 

molecular mechanics models as a result of the reduction of particle numbers and larger 

time-steps. Further speedup is possible if the bonds and angles are restrained [7] to 

eliminate the higher frequency motions. Removing high frequency motions allows for 

larger time-steps, which increases simulation speed. Additionally, the parameterization of 

the rest of the 19 amino acid side-chains should subsequently be developed in order to 

represent whole proteins. Assignment of rigid bodies by partitioning each side chain 

requires consideration and should match conformational energy as well as interaction 

energy between side-chains. The backbone of proline requires parameterization as well. 

Although much more development is required, frameworks such as MSCALE[8] would 
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be able to combine the GBEMP model with all-atom molecular mechanics models to 

achieve multi-scale simulations. 

Lastly, comparative sequence analysis was used to generate statistical energies 

(SE) that agree with experimental measurements. For base-pair stack, a correlation 

coefficient of ~0.9 has been achieved between the energies derived structural statistics 

and the free energy values extracted from experiments. We substantiated the base-pair 

stack, internal loop, and hairpin-flank SE by applying them in Mfold to predict secondary 

structures of RNA molecules of various lengths. We observe the accuracy of folding to 

be comparable to that of free energy obtained experimentally when using only base-pair 

stack SE. However, the application of hairpin flank (HF) and internal loop (IL) SEs to the 

Mfold algorithm yields dramatic improvements in the folding accuracy. Much of the 

improvement in accuracy is due to the hairpin flank statistical energies in particular. 

However, the accuracy of predicting one molecule (i.e. Bacterial 16S rRNA) using SE 

derived from sequences of another molecule yields accuracies worse than those of 

experimentally determined energy values. This suggests that the statistics obtained from 

individual RNA molecules are insufficient in sampling Boltzmann-like distribution of HF 

and IL and care needs to be taken when combining the statistics from different molecules 

into general statistical energies. More importantly, we have identified that a 

comprehensive understanding of RNA folding requires the converged characterization of 

motifs beyond BP-ST. Consequently, the development and validation of statistical 

potentials based on other motifs such as multi-stem loops and coaxial stacks will further 

substantiate the method. Additionally, statistical potentials can be generalized to 

incorporate many-body interactions and should be straight-forward to implement since 

these potentials have already been applied to 3-D protein structure prediction studies [9, 

10]. Although the Mfold dynamic programming algorithm is efficient, it is not able to 
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fold sequences in to structures containing pseudo-knots. A more biologically relevant 

folding algorithm currently is being developed by Gardner and Gutell based on 

nucleation sites to address issues that challenge the Mfold algorithm. Moreover, the 

algorithm will employ statistical potentials from comparative sequence alignments. 
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Appendices 

1 SUPPLEMENTAL DATA FOR GAY-BERNE AND ELECTROSTATIC MULTIPOLE-BASED 

COARSE-GRAIN POTENTIAL IN IMPLICIT SOLVENT 

Table S 1.1: Gay-Berne parameters of benzene, methanol, and water GBEMP models. 

 Benzene Methanol Water 

dw 0.74 1.0 1.0 

l (Å) 2.01 3.20 2.27 

d (Å) 4.53 2.52 2.27 

ε0 (kcal/mol) 0.56 0.43 0.14 

εE 4.08 0.43 1.0 

εS 0.58 0.58 1.0 

 

Table S 1.2: MD simulation results for benzene. 

 GBEMP Model
a
 All-atom Experiment 

 Old New AMOEBA  

Potential energy (kcal/mol) -7.48 -7.42 -7.38
b
 -7.50

c
 

Density (NPT) (g cm
-3

) 0.874 0.884 0.868 0.870 
a
 Using 20 fs time step 

b
 The potential energy of all-atom model is calculated from the difference between the 

potential energies in gas and liquid phases. 
c
 From the enthalpy of vaporization in reference [1] 

 

Table S 1.3: MD simulation results for methanol. 

 GBEMP Model
a
 All-atom

b
 Experiment 

 Old New OPLS  

Potential energy (kcal/mol) -8.29 -8.31 -7.933 -8.36
c
 

Density (NPT) (g cm
-3

) 0.794 0.782 0.773 0.787
d
 

a
 Using 20 fs time step 

b
 From reference [2] 

c
 From the enthalpy of vaporization in reference [3] 

d
 From reference [4]  
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Table S 1.4: Bond, bond-angle, torsional, and multiple parameters for GBEMP model. 

bond b0 Kb 

1 - 3 2.0358 235.6993   

4 - 6 1.4678 245.377   

6 - 8 1.9831 200.6274   

9 -10 1.5294 99.7949   

 

angle θ0 Ka 

1-3-2 98.6732 212.2176   

2-4-6 99.9832 72.8651   

4-6-5 112.0933 81.3831   

4-6-8   112.1952 76.6092   

5-6-8 113.3026 64.9691   

6-8-7 98.7199  234.9351    

8-9-10      108.0353 82.3129   

 

torsion V1 δ1 V2 δ2 V3 δ3 

1-3-4-6 1.008   0 1.698   180 0.002895 0 

3-4-6-5 1.182 0 -0.689 180 0.793   0 

5-6-8-7 1.049 0 -0.3331 180 -0.01305 0 

3-4-6-8 -2.088   0 0.2062 180 0.4669   0 

6-8-9-10 1.008   0 1.698   180 0.002895 0 

 
 

EMP site Oxygen Nitrogen 

Charge (e) 0.0 0.0 

Dipole (D) -2.763 1.381 -0.003 -1.279 -0.637 -0.024 

Quadrupole 

(D e) 

3.001 -2.148 -0.014 1.067 -1.148 0.138 

-2.148 -1.427 0.009 -1.148 1.258 -0.128 

-0.014 0.009 -1.574 0.138 -0.128 -2.325 
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 Figure S 1.1: Comparison of homodimer interaction energy given by the Gay-Berne 

model and all-atom model. All atom value are shown as data point, and GB as line in 

different colors. A. The interaction energy of benzene, the conformations that shown 

from left to right are: face to face, T shape, side by side. B. The interaction energy of 

methanol, the conformations that shown from left to right are: cross, hydrogen bonding, 

T shape, and end to end. 

A 

B 



 127 

 

 Figure S1.2: Phi and Psi torsion angle distribution of 12-mer polyalanine at temperature 

of 800 K to 900 K in the simulated annealing simulation. All possible conformations of 

polyalanine were sampled at the high temperature. 

 

 Figure S1.3: Phi and Psi torsion angle distribution of 12-mer polyalanine at temperature 

of 1 K to 100 K in the simulated annealing simulation. Alpha-helix become the only 

structure at low temperature for polyalanine. 
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 Figure S1.4: Contribution of torsional energy to total conformational energy of dialanine 

(a) GBEMP model (b) All-atom OPLSAA.  
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 Figure S 1.5: (a) A final snapshot of polyalanine from a 60-ns simulated annealing 

simulation using GBEMP potential. (b) Heavy-atom RMSD of the 12-residue 

polyalanine from 5 simulated annealing simulations to inspect the minimum-energy 

structure. The systems were heat to 1,000 K and cooled linearly to less than 1 K over 60 

ns. The final polyalanine structures after simulated annealing all adopt the alpha-helical 

conformation at low temperatures (100 K). The RMSD was calculated by mapping the 

CG trajectories to all-atom structures and then compared to atomic canonical alpha-

helical structure.  
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 Figure S 1.6: Conformational distributions of 5-mer (a) and 12-mer (b) polyalanine from CG 

simulations at 298 K.  Simulations are started with different initial structures, including the 

extended conformation, alpha helix, and partial alpha-helical and beta-strand 

conformations. The total simulation time for 12-mer and 5-mer is 6 s and 2 s, respectively. 

The beginning 1.5 s of 12-mer trajectory and 0.5 s of 5-mer trajectory are not included in the 

calculation. The color bar at right side represents the probability density of  and  torsion 

angles. 
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2 SUPPLEMENTAL DATA FOR CORRELATION OF RNA SECONDARY STRUCTURE 

STATISTICS WITH THERMODYNAMIC STABILITY AND APPLICATIONS TO FOLDING 

 

 Table S 2.1: Symmetric statistical energy (kcal/mol) derived from tRNA and base-pair 

stack statistics, in parentheses, taken from comparative sequence analysis. The rows of 

the tables indicate the base-pair on the 5’ end with the first nucleotide on the 5’ end and 

second nucleotide on the 3’ end. However, the columns are the base-pair on the 3’ end 

with the first nucleotide on the 3’ end and the second nucleotide on the 5’ end. This 

notation allows the energy matrix to be symmetric. 

 CG GC GU UG AU UA 

CG -2.07 -3.19 -1.52 -0.53 -3.40 -2.86 

  (771) (835) (106) (46) (1141) (384) 

GC -3.19 -2.69 -1.07 -1.52 -2.37 -3.16 

  (1757) (1426) (75) (259) (286) (409) 

GU -1.52 -1.07 2.55 1.65 -1.02 -0.77 

  (237) (125) (5) (11) (86) (44) 

UG -0.53 -1.52 1.65 2.28 -0.50 -0.03 

  (67) (67) (1) (4) (38) (23) 

AU -3.40 -2.37 -1.02 -0.50 -1.98 -2.41 

  (434) (256) (17) (16) (204) (111) 

UA -2.86 -3.16 -0.77 -0.03 -2.41 -1.95 

  (505) (848) (34) (12) (306) (166) 

 Table S 2.2: Symmetric statistical energy (kcal/mol) derived from Eukaryotic 5S rRNA 

and base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 
 CG GC GU UG AU UA 

CG -2.43 -3.34 -2.44 -2.27 -3.09 -3.25 

  (459) (318) (147) (186) (313) (275) 

GC -3.34 -2.40 -2.37 -1.29 -3.40 -2.73 

  (613) (412) (92) (70) (295) (269) 

GU -2.44 -2.37 1.91 0.69 -1.45 -1.46 

  (165) (278) (4) (10) (47) (73) 

UG -2.27 -1.29 0.69 -0.08 -0.93 -1.42 

  (158) (52) (4) (31) (44) (82) 

AU -3.09 -3.40 -1.45 -0.93 -1.72 -2.36 

  (271) (408) (56) (17) (111) (75) 

UA -3.25 -2.73 -1.46 -1.42 -2.36 -2.23 

  (485) (114) (31) (18) (141) (190) 
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Table S 2.3: Symmetric statistical energy (kcal/mol) derived from Bacterial 5S rRNA and 

base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 

 

 

 Table S 2.4: Symmetric statistical energy (kcal/mol) derived from Bacterial 16S rRNA 

and base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 CG GC GU UG AU UA 

CG -2.47 -3.40 -2.38 -1.79 -3.15 -3.20 

  (6268) (8038) (2128) (1438) (3488) (3871) 

GC -3.40 -2.70 -2.42 -2.01 -3.11 -2.85 

  (9285) (7688) (3323) (2104) (3943) (2756) 

GU -2.38 -2.42 0.07 -1.00 -2.09 -1.68 

  (3126) (2070) (401) (476) (1732) (1014) 

UG -1.79 -2.01 -1.00 -1.33 -1.41 -1.10 

  (1509) (1677) (693) (1664) (838) (645) 

AU -3.15 -3.11 -2.09 -1.41 -1.58 -2.49 

  (5373) (4235) (981) (525) (1239) (1258) 

UA -3.20 -2.85 -1.68 -1.10 -2.49 -2.04 

  (4885) (3702) (774) (354) (1816) (1955) 

   

 CG GC GU UG AU UA 

CG -1.90 -3.40 -2.14 -1.98 -3.05 -3.38 

  (132) (204) (67) (12) (132) (94) 

GC -3.40 -2.28 -2.84 -0.71 -3.09 -3.07 

  (342) (107) (121) (4) (78) (155) 

GU -2.14 -2.84 -1.40 2.27 -3.14 -1.27 

  (36) (102) (37) (0) (43) (11) 

UG -1.98 -0.71 2.27 -2.22 -1.08 -0.98 

  (86) (23) (1) (86) (18) (14) 

AU -3.05 -3.09 -3.14 -1.08 -0.98 -2.78 

  (68) (116) (14) (2) (12) (42) 

UA -3.38 -3.07 -1.27 -0.98 -2.78 -0.36 

  (187) (38) (13) (4) (35) (7) 



 133 

 Table S 2.5: Symmetric statistical energy (kcal/mol) derived from all-sequences and 

base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 CG GC GU UG AU UA 

CG -2.42 -3.40 -2.28 -1.66 -3.12 -3.15 

  (7630) (9395) (2448) (1682) (5074) (4624) 

GC -3.40 -2.69 -2.31 -1.92 -3.08 -2.90 

  (11997) (9633) (3611) (2437) (4602) (3589) 

GU -2.28 -2.31 0.12 -0.82 -2.03 -1.54 

  (3564) (2575) (447) (497) (1908) (1142) 

UG -1.66 -1.92 -0.82 -1.23 -1.30 -0.99 

  (1820) (1819) (699) (1785) (938) (764) 

AU -3.12 -3.08 -2.03 -1.30 -1.65 -2.52 

  (6146) (5015) (1068) (560) (1566) (1486) 

UA -3.15 -2.90 -1.54 -0.99 -2.52 -2.03 

  (6062) (4702) (852) (388) (2298) (2318) 

 

 Table S 2.6: Asymmetric statistical energy (kcal/mol) derived from tRNA and base-pair 

stack statistics, in parentheses, taken from comparative sequence analysis. The rows of 

the tables indicate the base-pair on the 5’ end with the first nucleotide on the 5’ end and 

second nucleotide on the 3’ end. However, the columns are the base-pair on the 3’ end 

with the first nucleotide on the 3’ end and the second nucleotide on the 5’ end. This 

notation allows the energy matrix to be symmetric. 

 CG GC GU UG AU UA 

CG -2.27 -2.31 -0.25 0.29 -3.4 -2.28 

  (771) (835) (106) (46) (1141) (384) 

GC -3.13 -2.94 -0.2 -1.44 -1.91 -2.36 

  (1757) (1426) (75) (259) (286) (409) 

GU -1.35 -0.65 2.3 1.96 -0.9 -0.35 

  (237) (125) (5) (11) (86) (44) 

UG -0.02 0.03 3.93 2.53 -0.2 0.44 

  (67) (67) (1) (4) (38) (23) 

AU -2.42 -1.87 0.73 0.67 -2.34 -1.74 

  (434) (256) (17) (16) (204) (111) 

UA -2.56 -3.05 -0.09 1.05 -2.77 -2.12 

  (505) (848) (34) (12) (306) (166) 
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 Table S 2.7: Asymmetric statistical energy (kcal/mol) derived from Eukaryotic 5S rRNA 

and base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 

 

 Table S 2.8: Asymmetric statistical energy (kcal/mol) derived from Bacterial 5S rRNA 

and base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 

  

  

 CG GC GU UG AU UA 

CG -2.75 -2.72 -2.14 -1.9 -2.84 -2.58 

  (459) (318) (147) (186) (313) (275) 

GC -3.26 -2.72 -1.15 -0.84 -2.63 -2.6 

  (613) (412) (92) (70) (295) (269) 

GU -1.84 -2.38 2.16 1.15 -0.76 -1.25 

  (165) (278) (4) (10) (47) (73) 

UG -1.72 -0.53 2.16 -0.09 -0.69 -1.39 

  (158) (52) (4) (31) (44) (82) 

AU -2.61 -3.4 -0.97 0.35 -1.95 -1.51 

  (271) (408) (56) (17) (111) (75) 

UA -3.18 -1.95 -0.34 0.29 -2.2 -2.52 

  (485) (114) (31) (18) (141) (190) 

 CG GC GU UG AU UA 

CG -2.18 -2.84 -2.01 0.16 -3.01 -2.6 

  (132) (204) (67) (12) (132) (94) 

GC -3.28 -2.61 -2.55 1.43 -2.46 -3.23 

  (342) (107) (121) (4) (78) (155) 

GU -1.11 -2.32 -1.6 Inf -2.18 -0.55 

  (36) (102) (37) (0) (43) (11) 

UG -2.11 -0.64 2.6 -2.54 -1.12 -0.83 

  (86) (23) (1) (86) (18) (14) 

AU -2.22 -2.95 -3.18 1.41 -1.12 -2.48 

  (68) (116) (14) (2) (12) (42) 

UA -3.39 -1.75 -0.74 0.61 -2.27 -0.41 

  (187) (38) (13) (4) (35) (7) 
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 Table S 2.9: Asymmetric statistical energy (kcal/mol) derived from Bacterial 16S rRNA 

and base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 CG GC GU UG AU UA 

CG -3.06 -3.3 -1.93 -1.29 -2.75 -2.88 

  (6268) (8038) (2128) (1438) (3488) (3871) 

GC -3.39 -3.34 -2.32 -1.75 -2.93 -2.48 

  (9285) (7688) (3323) (2104) (3943) (2756) 

GU -2.24 -1.94 0.08 -0.13 -2.03 -1.39 

  (3126) (2070) (401) (476) (1732) (1014) 

UG -1.44 -1.51 -0.59 -1.65 -1.15 -0.83 

  (1509) (1677) (693) (1664) (838) (645) 

AU -3.29 -3.07 -1.33 -0.58 -1.95 -1.98 

  (5373) (4235) (981) (525) (1239) (1258) 

UA -3.31 -2.86 -1.05 -0.09 -2.44 -2.52 

  (4885) (3702) (774) (354) (1816) (1955) 

  

 Table S 2.10: Asymmetric statistical energy (kcal/mol) derived from all-sequences and 

base-pair stack statistics, in parentheses, taken from comparative sequence analysis. 

 CG GC GU UG AU UA 

CG -2.96 -3.18 -1.83 -1.22 -2.92 -2.81 

  (7630) (9395) (2448) (1682) (5074) (4624) 

GC -3.39 -3.27 -2.14 -1.66 -2.82 -2.52 

  (11997) (9633) (3611) (2437) (4602) (3589) 

GU -2.13 -1.89 0.17 0.04 -1.9 -1.3 

  (3564) (2575) (447) (497) (1908) (1142) 

UG -1.39 -1.34 -0.37 -1.48 -1.05 -0.81 

  (1820) (1819) (699) (1785) (938) (764) 

AU -3.17 -3.02 -1.3 -0.44 -2 -1.95 

  (6146) (5015) (1068) (560) (1566) (1486) 

UA -3.25 -2.85 -0.94 0.01 -2.47 -2.48 

  (6062) (4702) (852) (388) (2298) (2318) 

 

 Table S 2.11: Potentials (kcal/mol) of consecutive canonical base-pairs obtained from 

statistics, in parentheses, of RNA crystal structures.
a
 

 CG GC GU UG AU UA 

CG -2.97 -3.40 -1.79 -1.11 -3.08 -3.04 

 (619) (850) (149) (111) (273) (296) 

GC -3.40 -3.20 -2.08 -1.31 -3.23 -3.07 
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 (880) (740) (170) (99) (313) (322) 

GU -1.78 -2.08 0.82 0.82 -1.62 -0.27 

 (164) (226) (13) (6) (66) (10) 

UG -1.11 -1.31 0.82 -0.88 -0.86 -1.19 

 (73) (116) (20) (50) (40) (60) 

AU -3.08 -3.23 -1.62 -0.86 -2.80 -2.56 

 (322) (357) (56) (27) (106) (95) 

UA -3.04 -3.07 -0.27 -1.19 -2.56 -2.80 

 (282) (262) (32) (27) (80) (106) 
a
Mathews, 1999 

 

 Table S 2.12: Free energies (kcal/mol) of consecutive canonical base-pairs obtained 

from experiment.
a
 

 CG GC GU UG AU UA 

CG -2.40 -3.30 -2.10 -1.40 -2.10 -2.10 

GC -3.30 -3.40 -2.50 -1.50 -2.20 -2.40 

GU -2.10 -2.50 1.30 -0.50 -1.40 -1.30 

UG -1.40 -1.50 -0.50 0.30 -0.60 -1.00 

AU -2.10 -2.20 -1.40 -0.60 -1.10 -0.90 

UA -2.10 -2.40 -1.30 -1.00 -0.90 -1.30 
a
Dima, 2005 

 

 Table S 2.13: Statistics and Statistical Energies (SE) derived from Watson-Crick, GU 

base-pairs 

 

 

 Table S 2.14: Statistics and Statistical Energies (SE) derived from stacks (adjacent 

nucleotides) in base-pairs 

Stacks Number of 

Adjacent 

ST SE (kcal/mol) 

Base-pairs Number of 

Base-pairs 

BP SE (kcal/mol) 

CG 46698 -1.5907 

GC 50798 -1.6912 

GU 12032 -0.1696 

UG 11672 -0.1333 

AU 19295 -1.0671 

UA 21812 -1.2135 
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Nucleotides 

AA 3853 0.4277 

AC 12202 0.0677 

AG 11621 0.1724 

AU 6083 0.2315 

CA 10898 0.1027 

CC 24129 -0.1466 

CG 29656 -0.1208 

CU 13691 -0.0228 

GA 14036 0.114 

GC 22037 -0.0289 

GG 36786 -0.0978 

GU 22585 -0.088 

UA 6602 0.2062 

UC 18889 -0.1224 

UG 22011 -0.0801 

UU 9109 0.0517 

 

 Table S 2.15: Minimum and maximum energy values found in experiment[5]. 

Secondary Structure Minimum (kcal/mol) Maximum (kcal/mol) 

1x1 Internal Loop -2.10 1.70 

1x2 Internal Loop 0.40 5.50 

2x2 Internal Loop -4.90 3.40 

Internal Loop Flank -1.10 0.70 

Hairpin Flank -2.90 .20 

 

 Table S 2.16: Hairpin Flank Statistical Energies (SE) (kcal/mol) derived from tRNA, 

Eukaryotic 5S rRNA, Bacterial 5S rRNA, Bacterial 16S rRNA, and all-sequences. 

Base-

pair 

HP 

Flank 

tRNA SE Euk 5S 

SE 

Bact 5S 

SE 

Bact 16S 

SE 

All-

sequence 

SE 

AU AC 0.07 -1.06 -1.30  -1.07 

AU AG    -0.78 -0.41 

AU CA -2.10 -0.37   -1.92 

AU CC   -1.71  -1.49 

AU CU  -0.72   -0.35 

AU GA  -1.73 -0.38 -1.91 -1.73 

AU GU   -0.89  -0.53 
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AU UA    -0.56 -0.21 

AU UC -0.13 -2.90 -2.90  -2.87 

AU UU -1.10 -1.46 -1.17 -1.70 -1.45 

CG AA -2.90  -0.58  -2.81 

CG AC   0.01 -1.95 -1.77 

CG AU    -0.03 0.12 

CG CA -1.83  0.01  -1.62 

CG CC -0.86  0.17  -0.50 

CG CU    -0.98 -0.63 

CG GA  0.15 -0.81 -2.90 -2.80 

CG GG   -0.74 -1.42 -1.12 

CG GU    -1.08 -0.74 

CG UC -0.36  -0.06 -2.44 -2.30 

CG UG    -2.59 -2.51 

CG UU -0.39   -1.40 -1.09 

GC AA   -1.02 -1.05 -0.89 

GC AC   -0.42 -1.79 -1.54 

GC AG    -2.32 -2.21 

GC CA -1.07  0.01 -1.77 -1.49 

GC CC -0.04  0.17  0.11 

GC CG    -0.89 -0.53 

GC CU  0.07 -1.07  -0.72 

GC GA  -2.83 -1.16 -2.03 -2.57 

GC GG    -1.29 -0.99 

GC GU    0.03 0.14 

GC UA   -0.22  0.03 

GC UC -1.85 -0.80 -1.84 0.02 -1.72 

GC UU -2.70  -2.34 -2.19 -2.47 

GU AU  -0.08   0.10 

GU GA  0.05  -1.62 -1.37 

GU UC    -0.20 0.04 

UA AA -0.49    -0.15 

UA AC   -0.43  -0.10 

UA CA -0.45  -1.94  -1.72 

UA CC -0.69    -0.32 

UA CU  -0.14   0.07 

UA GA -1.17   -0.99 -0.95 

UA GC -1.28    -0.97 

UA GU -1.07    -0.73 

UA UA   -2.41  -2.31 

UA UC -1.72 -2.21 -2.28 -0.78 -2.10 
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UA UU  -0.23  -0.10 -0.04 

UG AA -1.32    -1.02 

UG CA -0.39    -0.07 

UG GA   -0.61 -1.74 -1.47 

UG UC 0.16  -0.29 -0.93 -0.58 

UG UG    -1.18 -0.86 

UG UU    -1.67 -1.45 

 

 Table S 2.17: Internal Loop (1x1) Statistical Energies (SE) (kcal/mol) derived from 

tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, Bacterial 16S rRNA, and all-sequence. 

5' End 

BP 

3' End 

BP 

5' Strand 

IL 

3' Strand 

IL 

tRNA 

SE 

Euk 

5S SE 

Bact 

5S SE 

Bact 

16S SE 

All-

sequence 

SE 

AU CG A C    -0.81 -0.70 

AU GC A A    -1.34 -1.28 

AU GC C U    -1.23 -1.16 

AU GC G G    -0.60 -0.45 

AU GC U C   -1.53  -1.48 

CG AU A A   -1.71 -0.80 -1.52 

CG AU C C   -1.21  -1.14 

CG AU G A   -2.10 -1.26 -1.92 

CG AU U C   -1.31  -1.25 

CG CG A C  -1.38   -1.32 

CG CG A G    -1.50 -1.45 

CG CG G A    -1.11 -1.03 

CG CG U U    -0.86 -0.75 

CG GC A A    -0.90 -0.80 

CG GC G A    -0.81 -0.70 

CG GC G G    -0.60 -0.45 

CG GC U U  -1.50   -1.45 

CG GU G A    -1.24 -1.17 

CG UA A G    -1.07 -0.99 

CG UA C U  -1.55   -1.50 

CG UG A G    -1.47 -1.42 

CG UG U U    -0.84 -0.73 

GC AU G A    -1.82 -1.79 

GC CG C A    -0.69 -0.56 

GC CG C U    -1.62 -1.58 

GC CG U C    -1.55 -1.50 
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GC CG U U    -2.10 -2.07 

GC GC A A    -0.63 -0.49 

GC GC A C    -0.96 -0.86 

GC GC C A    -0.85 -0.74 

GC GC G G    -1.20 -1.13 

GC GU A G    -0.99 -0.90 

GU CG C A    -1.08 -1.00 

GU GU A G    -0.68 -0.55 

UA AU A A    -1.04 -0.95 

UA AU G A   -1.58  -1.53 

UA CG A G    -0.86 -0.75 

UA CG U C    -0.97 -0.87 

UA GC G G    -0.70 -0.57 

UA GU A G    -0.76 -0.64 

UG AU U U  -1.63   -1.59 

UG CG G A    -1.72 -1.68 

UG CG U C   -1.44  -1.39 

UG CG U U    -0.90 -0.80 

UG GC U U  -2.10   -2.07 

UG GU U U  -1.55   -1.50 

UG UA U C   -1.30  -1.24 

 

 Table S 2.18: Internal Loop (1x2) Statistical Energies (SE) (kcal/mol) derived from 

Bacterial 16S rRNA  and all-sequences. SE for tRNA, Eukaryotic 5S rRNA, and 

Bacterial 5S rRNA are all at its maximum value of 5.5 kcal/mol since there are no 

statistics for those structures. 

5' End 

BP 

3' End 

BP 

5' Strand 

IL 

3' Strand 

IL 

Bact 16S 

SE 

All-

sequence SE 

CG AU A AA 0.31 0.31 

CG CG A AA 0.38 0.38 

CG CG G GA 0.30 0.30 

CG GC C AA 0.37 0.37 

CG GC G AG 0.27 0.27 

CG UG G GA 0.34 0.34 

GC UA U UC 0.40 0.40 

UA UG G GA 0.25 0.25 

UG UG G GA 0.23 0.23 
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 Table S 2.19: Internal Loop (2x2) Statistical Energies (SE) (kcal/mol) derived from 

Bacterial 16S rRNA and all-sequences. SE for tRNA, Eukaryotic 5S rRNA, and 

Bacterial 5S rRNA are all at its maximum value of 3.4 kcal/mol since there are no 

statistics for those structures. 

5' End 

BP 

3' End 

BP 

5' Strand 

IL 

3' Strand 

IL 

Bact 16S 

SE 

All-

sequence 

SE 

AU GC AA AG -4.71 -4.70 

AU GC GA AG -3.18 -3.17 

AU GU AA AG -4.09 -4.08 

AU GU GA AA -3.54 -3.53 

AU GU GA AG -4.76 -4.75 

CG AU AA AA -3.54 -3.53 

CG AU GA AA -3.40 -3.39 

CG AU GA AG -3.47 -3.46 

CG CG AA GG -4.09 -4.08 

CG CG GA AG -2.95 -2.94 

CG CG UU UU -3.75 -3.74 

CG GC AA AA -3.43 -3.42 

CG GC GA AG -2.95 -2.94 

CG GU GA AA -3.31 -3.30 

CG GU GA AG -3.03 -3.02 

CG GU UU UU -3.83 -3.82 

CG UA AA GG -3.42 -3.41 

CG UG AA AG -3.66 -3.65 

CG UG GA AG -4.30 -4.29 

GC CG UU UU -3.75 -3.74 

GC GC GA AG -3.24 -3.23 

GC GU AA AG -4.57 -4.56 

GC GU GA AA -3.66 -3.65 

GC GU GA AG -3.54 -3.53 

UA CG AA GG -4.90 -4.89 

 

 Table S 2.20: Internal Loop Flank Statistical Energies (SE) (kcal/mol) derived from 

Eukaryotic 5S rRNA, Bacterial 5S rRNA, and Bacterial 16S rRNA and all-sequences. 

SE for tRNA are all at its maximum value of 3.4 kcal/mol since there are no statistics for 

those structures. 
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5' End 

BP 

3' End 

BP 

Euk 5S 

SE 

Bact 

5S SE 

Bact 

16S SE 

All-

sequence 

SE 

AU AA -0.13  -0.47 -0.18 

AU AC -0.14  0.02 0.09 

AU AG   -0.07 0.27 

AU AU   0.47 0.62 

AU CA -0.25  -0.49 -0.23 

AU CC -0.06  0.68 0.28 

AU CG   0.64 0.68 

AU CU   0.13 0.43 

AU GA -0.19 -0.45 -0.31 -0.27 

AU GG   0.6 0.67 

AU UA -0.3  0.3 0.04 

AU UC -0.56 -0.5 0.38 -0.37 

AU UU   0.18 0.47 

CG AA -0.43 -0.57 -0.91 -0.66 

CG AC -0.69 -0.03 0.33 -0.35 

CG AG 0.03  -0.73 -0.4 

CG AU -0.72 -0.22 -0.45 -0.47 

CG CA -1.08 -0.87 -0.72 -0.89 

CG CC -0.08 -0.63 0.52 -0.3 

CG CG   -0.15 0.2 

CG CU -0.21  -0.15 -0.01 

CG GA -0.56 -1.07 -0.83 -0.85 

CG GC   -0.5 -0.15 

CG GG   -0.57 -0.23 

CG GU -0.1 -0.28 -0.51 -0.28 

CG UA -0.43 -0.37 0.04 -0.25 

CG UC -0.51 -0.14 0.45 -0.21 

CG UG   -0.24 0.12 

CG UU -0.46  -0.69 -0.46 

GC AA -0.64  -0.72 -0.55 

GC AC -0.74  0.07 -0.41 

GC AG -1.1  0 -0.81 

GC AU   -0.45 -0.09 

GC CA -0.03 -0.37 -0.67 -0.4 

GC CC -0.11  -0.51 -0.21 

GC CU  0.04 -0.56 -0.23 

GC GA -0.84 -0.8 -1.09 -0.9 
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GC GC   0 0.33 

GC GG -0.25 -0.49 0.09 -0.24 

GC GU   -0.72 -0.4 

GC UA   -0.94 -0.67 

GC UC -0.7 0.04 -0.71 -0.55 

GC UU -0.23  -1.1 -0.81 

GU AA   0.41 0.59 

GU AC   -0.19 0.17 

GU AG   0.19 0.47 

GU AU   0.17 0.46 

GU CA   -0.57 -0.23 

GU CU   0.62 0.67 

GU GA   0.55 0.65 

GU GU   -0.49 -0.14 

GU UU   0.5 0.63 

UA AA -0.13  -0.35 -0.09 

UA AC -0.45  0.38 -0.09 

UA AG  -0.09 -0.57 -0.26 

UA AU   0 0.33 

UA CA  -0.12 0.56 0.22 

UA CC -0.18   0.17 

UA CG   0.45 0.61 

UA CU -0.46   -0.1 

UA GA -0.07 -0.55 -0.73 -0.5 

UA GC   0.14 0.44 

UA GG   -0.25 0.11 

UA GU  -0.13 -0.63 -0.32 

UA UA   0.4 0.59 

UA UC -0.56  -0.6 -0.44 

UA UG  -0.32 -0.18 -0.09 

UA UU -0.89  -0.1 -0.58 

UG AA   -0.74 -0.43 

UG AC   -0.22 0.14 

UG AG  -0.2 -0.15 -0.01 

UG AU   -0.65 -0.32 

UG CA   0.56 0.65 

UG CC  0.04  0.36 

UG CU   0.59 0.66 

UG GA  -1.1 -0.72 -0.86 

UG GG   0.36 0.57 
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UG GU   0.63 0.68 

UG UA   -0.21 0.15 

UG UC -0.17 -0.51 0.69 -0.22 

UG UU -0.89  0.13 -0.57 

 

 Table S 2.21: Folding accuracy using non-symmetric Base-pair Stack Statistical 

Energies (BP-ST SE) derived from tRNA, Eukaryotic 5S rRNA, Bacterial 5S rRNA, 

Bacterial 16S rRNA, and all-sequence to predict each molecule type. 

RNA Molecule Origina

l mFold 

tRNA 

SE 

Euk 5S 

rRNA SE 

Bact 5S 

rRNA 

SE 

Bact 16S 

rRNA SE 

All-

sequence 

SE 

tRNA .70 .79 .71 .61 .69 0.71 

Eukaryotic 5S 

rRNA 

.72 .61 .71 .70 .72 0.74 

Bacterial 5S rRNA .63 .53 .59 .74 .66 0.65 

Bacterial 16S 

rRNA 

.49 .38 .38 .37 .50 0.47 

 

 Table S 2.22: Folding accuracy using non-symmetric Base-pair Stack, Hairpin, and 

Internal Loops Statistical Energies (BP-ST-HP-IL SE) derived from tRNA, Eukaryotic 

5S rRNA, Bacterial 5S rRNA, Bacterial 16S rRNA, and all-sequences to predict each 

molecule type. 

RNA Molecule tRNA 

SE 

Euk 5S 

rRNA 

SE 

Bact 5S 

rRNA 

SE 

Bact 16S 

rRNA 

SE 

All-

sequences 

SE 

tRNA .89 .62 .65 .32 0.80 

Eukaryotic 5S rRNA .50 .84 .70 .32 0.79 

Bacterial 5S rRNA .48 .68 .88 .35 0.77 

Bacteria 16S rRNA .32 .32 .35 .56 0.53 

 

 Table S 2.23: Folding accuracy of tRNA using original mFold energy values, symmetric 

BP-ST SE, asymmetric BP-ST SE (rows) each of which including no additional change, 

with HP SE, IL SE, and HP-IL SE. 

 Modification with SE 

tRNA BP-ST 

SE 

No additional 

changes 

HP SE IL SE HP-IL SE 
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Original mFold .70 .85 .78 .89 

Symmetric BP-ST SE .73 .84 .80 .88 

Asymmetric BP-ST SE .79 .87 .83 .89 

 

 Table S 2.24: Folding accuracy of Eurkaryotic 5S rRNA using original mFold energy 

values, symmetric BP-ST SE, asymmetric BP-ST SE (rows) each of which including no 

additional change, with HP SE, IL SE, and HP-IL SE. 

 Modification with SE 

Eukaryotic 5S rRNA 

BP Stacking 

No 

additional 

Changes 

HP SE IL SE HP-IL SE 

Original mFold .72 .79 .74 .82 

Symmetric BP-ST SE .73 .80 .76 .84 

Asymmetric BP-ST SE .71 .77 .76 .84 

 

 Table S 2.25: Folding accuracy of Bacterial 5S rRNA using original mFold energy 

values, symmetric BP-ST SE, asymmetric BP-ST SE (rows) each of which including no 

additional change, with HP SE, IL SE, and HP-IL SE. 

 Modification with SE 

Bacterial 5S rRNA 

BP Stacking 

No 

additional 

changes 

HP SE IL SE HP-IL SE 

Original mFold .63 .74 .78 .86 

Symmetric BP-ST SE .72 .78 .83 .85 

Asymmetric BP-ST SE .74 .79 .81 .88 

 

 Table S 2.26: Folding accuracy of 16S Bacteria rRNA using original mFold energy 

values, symmetric BP-ST SE, asymmetric BP-ST SE (rows) each of which including no 

additional change, with HP SE, IL SE, and HP-IL SE. 

16S Bacteria 

BP Stacking 

No additional 

changes 

HP SE IL SE HP-IL SE 

Original mFold .50 .54 .52 .55 

Symmetric BP-ST SE .45 .49 .47 .51 

Asymmetric BP-ST SE .50 .53 .53 .56 



 146 

 Table S 2.27: Folding accuracy of tRNA using statistical energy derived from all-

sequences. 

tRNA BP 

Stacking 

No 

additional 

changes 

Hairpins Internal 

Loops 

Hairpin + 

Internal 

Loops 

Original mFold .70 .83 .67 .79 

Symmetric .59 .70 .57 .68 

Non-Symmetric .71 .79 .69 .80 

 

 Table S 2.28: Folding accuracy of Eukaryotic 5S rRNA using statistical energy derived 

from all-sequences 

5S Eukaryote 

BP Stacking 

No 

additional 

changes 

Hairpins Internal 

Loops 

Hairpin + 

Internal 

Loops 

Original mFold .72 .76 .71 .75 

Symmetric .71 .74 .72 .74 

Non-Symmetric .74 .78 .74 .79 

 

 Table S 2.29: Folding accuracy of Bacterial 5S rRNA using SE derived from all-

sequences. 

5S Bacteria 

BP Stacking 

No 

additional 

changes 

Hairpins Internal 

Loops 

Hairpin + 

Internal 

Loops 

Original mFold .63 .65 .75 .78 

Symmetric .70 .68 .79 .80 

Non-Symmetric .65 .66 .76 .77 

 

 Table S 2.30: Folding accuracy of Bacterial 16S rRNA using SE derived from all-

sequences. 

16S Bacteria 

BP Stacking 

No 

additional 

changes 

Hairpins Internal 

Loops 

Hairpin + 

Internal 

Loops 

Original mFold .49 .50 .53 .52 

Symmetric .42 .44 .46 .47 

Non-Symmetric .47 .50 .49 .53 
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 Table S 2.31: Symmetric statistical energy (kcal/mol) derived from All sequence, 

Bacterial 16S rRNA, Bacterial 5S rRNA and tRNA. BP1 is the 5’ base-pair BP2 is the 3’ 

base-pair. 

 

BP1 BP2 All sequence Bact 16S rRNA Bact 5S rRNA Euk 5S rRNA tRNA 

AU AU -2.53 -2.49 -2.78 -2.36 -2.81 

AU CG -3.09 -3.11 -3.09 -3.40 -2.36 

AU GC -3.19 -3.15 -3.05 -3.09 -3.4 

AU GU -1.33 -1.41 -1.08 -0.93 -0.51 

AU UA -1.65 -1.58 -0.98 -1.72 -2.13 

AU UG -2.03 -2.09 -3.14 -1.45 -0.99 

CG AU -3.19 -3.20 -3.38 -3.25 -2.85 

CG CG -3.40 -3.40 -3.4 -3.34 -3.19 

CG GC -2.43 -2.47 -1.9 -2.43 -2.07 

CG GU -1.76 -1.79 -1.98 -2.27 -0.53 

CG UA -3.19 -3.15 -3.05 -3.09 -3.4 

CG UG -2.32 -2.38 -2.14 -2.44 -1.5 

GC AU -2.91 -2.85 -3.07 -2.73 -3.16 

GC CG -2.70 -2.70 -2.28 -2.4 -2.68 

GC GC -3.40 -3.40 -3.4 -3.34 -3.19 

GC GU -1.93 -2.01 -0.71 -1.29 -1.51 

GC UA -3.09 -3.11 -3.09 -3.4 -2.36 

GC UG -2.35 -2.42 -2.84 -2.37 -1.05 

GU AU -1.62 -1.68 -1.27 -1.46 -0.85 

GU CG -2.35 -2.42 -2.84 -2.37 -1.05 

GU GC -2.32 -2.38 -2.14 -2.44 -1.5 

GU GU -0.83 -1.00 2.27 0.69 1.66 

GU UA -2.03 -2.09 -3.14 -1.45 -0.99 

GU UG 0.14 0.07 -1.4 1.91 2.1 

UA AU -2.04 -2.04 -0.36 -2.23 -1.94 

UA CG -2.91 -2.85 -3.07 -2.73 -3.16 

UA GC -3.19 -3.20 -3.38 -3.25 -2.85 

UA GU -1.07 -1.10 -0.98 -1.42 0 

UA UA -2.53 -2.49 -2.78 -2.36 -2.81 

UA UG -1.62 -1.68 -1.27 -1.46 -0.85 

UG AU -1.07 -1.10 -0.98 -1.42 0 

UG CG -1.93 -2.01 -0.71 -1.29 -1.51 

UG GC -1.76 -1.79 -1.98 -2.27 -0.53 
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UG GU -1.22 -1.33 -2.22 -0.08 2.31 

UG UA -1.33 -1.41 -1.08 -0.93 -0.51 

UG UG -0.83 -1.00 2.27 0.69 1.66 

 

 Table S 2.32: Asymmetric statistical energy (kcal/mol) derived from All sequence, 

Bacterial 16S rRNA, Bacterial 5S rRNA and tRNA. BP1 is the 5’ base-pair BP2 is the 3’ 

base-pair. 

BP1 BP2 All sequence Bact 16S rRNA Bact 5S rRNA Euk 5S rRNA tRNA 

AU AU -1.95 -1.98 -2.48 -1.51 -1.74 

AU CG -3.02 -3.07 -2.95 -3.40 -1.87 

AU GC -3.17 -3.29 -2.22 -2.61 -2.42 

AU GU -0.44 -0.58 1.41 0.35 0.67 

AU UA -2.00 -1.95 -1.12 -1.95 -2.34 

AU UG -1.30 -1.33 -3.18 -0.97 0.73 

CG AU -2.81 -2.88 -2.60 -2.58 -2.28 

CG CG -3.18 -3.30 -2.84 -2.72 -2.31 

CG GC -2.96 -3.06 -2.18 -2.75 -2.27 

CG GU -1.22 -1.29 0.16 -1.90 0.29 

CG UA -2.92 -2.75 -3.01 -2.84 -3.40 

CG UG -1.83 -1.93 -2.01 -2.14 -0.25 

GC AU -2.52 -2.48 -3.23 -2.60 -2.36 

GC CG -3.27 -3.34 -2.61 -2.72 -2.94 

GC GC -3.40 -3.40 -3.28 -3.26 -3.13 

GC GU -1.66 -1.75 1.43 -0.84 -1.44 

GC UA -2.82 -2.93 -2.46 -2.63 -1.91 

GC UG -2.14 -2.32 -2.55 -1.15 -0.20 

GU AU -1.30 -1.39 -0.55 -1.25 -0.35 

GU CG -1.89 -1.94 -2.32 -2.38 -0.65 

GU GC -2.13 -2.24 -1.11 -1.84 -1.35 

GU GU 0.04 -0.13 Inf 1.15 1.96 

GU UA -1.90 -2.03 -2.18 -0.76 -0.90 

GU UG 0.17 0.08 -1.60 2.16 2.30 

UA AU -2.48 -2.52 -0.41 -2.52 -2.12 

UA CG -2.85 -2.86 -1.75 -1.95 -3.05 

UA GC -3.25 -3.31 -3.39 -3.18 -2.56 

UA GU 0.01 -0.09 0.61 0.29 1.05 

UA UA -2.47 -2.44 -2.27 -2.20 -2.77 

UA UG -0.94 -1.05 -0.74 -0.34 -0.09 

UG AU -0.81 -0.83 -0.83 -1.39 0.44 
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UG CG -1.34 -1.51 -0.64 -0.53 0.03 

UG GC -1.39 -1.44 -2.11 -1.72 -0.02 

UG GU -1.48 -1.65 -2.54 -0.09 2.53 

UG UA -1.05 -1.15 -1.12 -0.69 -0.20 

UG UG -0.37 -0.59 2.60 2.16 3.93 
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